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Abstract. In the companion paper, Decharme (2025) developed a process-based framework using soil mixture theory to rep-
resent the effects of soil organic matter on soil physical properties in land surface models. The present study extends this
work by testing the framework in global land surface simulations with the ISBA-CTRIP land surface modeling system. The
approach derives the volumetric organic matter fraction and phase-specific densities from soil organic carbon and bulk den-
sity using mass volume relationships, and computes hydraulic and thermal parameters using mixing rules consistent with the
model physics. We also introduce an optional mineral soil compaction adjustment, under the assumption that texture-based pe-
dotransfer functions are calibrated on weakly compacted samples, whereas gridded bulk density products mostly reflect in situ
conditions that include varying degrees of compaction. We examine the effects of both developments in multidecadal global
offline simulations forced by a standard meteorological dataset and driven by SoilGrids soil inputs. Four configurations are
compared, a mineral-only control, a previous empirical scheme, the new process-based scheme, and its compaction-adjusted
variant. The evaluation combines site-scale constraints on porosity and hydraulic behavior with large-scale benchmarks of the
terrestrial water and energy cycles, including terrestrial water storage variations, river discharge, evapotranspiration, soil tem-
perature, and active layer thickness. Overall, the global experiments suggest that the new process-based scheme produces more
consistent large-scale hydrothermal responses than the previous empirical scheme, whereas the compaction adjustment plays

a secondary role and mainly acts as a local modulator.

1 Introduction

All physical and chemical exchanges of water, energy, carbon, and momentum between the terrestrial surface and the atmo-
sphere in Earth system models are computed by land surface models (LSMs). These models provide lower boundary conditions
for weather and climate simulations and are key components of coupled modeling systems. LSMs resolve processes such as pre-
cipitation interception and infiltration, evapotranspiration, runoff generation, snow accumulation and melt, soil heat diffusion,
vegetation phenology, photosynthesis, autotrophic and heterotrophic respiration, soil carbon dynamics, etc. Their accuracy

directly influences the simulation of land—atmosphere fluxes and the representation of surface climate, hydrology, and biogeo-
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chemical cycles across spatial and temporal scales (Bonan and Doney, 2018; Blyth et al., 2021). Accurate representation of soil
physical properties in LSMs is essential for correctly simulating the partitioning of water and energy at the land surface. Soil
porosity and hydraulic conductivity determine infiltration, runoff and drainage, thermal conductivity and heat capacity affect
soil temperature profiles, and water retention properties regulate the availability of moisture to plants and microbial processes.
These variables, in turn, influence evapotranspiration, carbon fluxes, and the surface energy balance of the Earth system. Errors
in the physical characterization of soils can thus propagate to the simulation of land—atmosphere exchanges and affect the
response of LSMs to changes in precipitation, temperature, and radiative forcing. A soil consists of solid particles and pore
spaces containing water, ice, or air. The solid phase is made up of a fine earth fraction, which includes both mineral and organic
matter, and a coarse fragment fraction composed of rock fragments larger than 2 mm. In line with common practice in LSMs,

only the fine earth fraction is considered in this study.

Originally, bulk soil physical properties in LSMs were estimated from soil texture alone, using pedotransfer functions (PTFs)
calibrated for mineral soils. Such approaches neglect the presence of organic matter, which influences the physical behavior
of soils. Its low bulk density and high porosity tend to increase water retention capacity, while its low thermal conductivity
and relatively high specific heat capacity reduce energy transfer through the soil profile (Letts et al., 2000; Lawrence and
Slater, 2008; Dankers et al., 2011; Decharme et al., 2016; Gaillard et al., 2025). In surface layers, where organic matter is less
decomposed, its structure favors water flow and enhances hydraulic conductivity. At greater depth, increased decomposition
and compaction reduce conductivity and enhance water retention (Boelter, 1968, 1969; Liu and Lennartz, 2019). These vertical
variations affect soil temperature and moisture, especially in cold or humid regions where SOM-rich soils are common. As
reported in the companion paper to this study (Decharme, 2025), the bulk physical properties of soils are directly linked to the
volumes occupied by their organic and mineral constituents when coarse fragments are neglected. In the case of porosity, this
means that total soil porosity can be calculated as the volumetric-weighted arithmetic mean of the reference porosities of the
organic and mineral components, assuming a binary mixture. This expression, analytically demonstrated in Decharme (2025)
from soil mixture theory, follows directly from mass—volume relationships, which show that the bulk porosity of the mixture

is determined solely by the intrinsic porosities of its constituents and their respective volumetric fractions.

In this context, the role of soil organic matter (SOM) in shaping hydrological and thermal soil processes has received growing
attention over the past two decades. Several LSMs have thus introduced empirical parameterizations to account for SOM
effects, particularly in cold and humid regions where organic soils are common (Letts et al., 2000; Lawrence and Slater, 2008;
Dankers et al., 2011; Chen et al., 2012; Chadburn et al., 2015; Decharme et al., 2016; Chen et al., 2016; Guimberteau et al.,
2018; Sun et al., 2021; Chadburn et al., 2022; Gaillard et al., 2025; Cuynet et al., 2025).These approaches typically estimate the
SOM volumetric fraction as the ratio between soil organic carbon (SOC) mass per unit soil volume, derived from SOC mass
content and soil bulk density, and an a priori prescribed apparent bulk density of organic matter taken from the literature. Such
simplifications are conceptually problematic. As discussed in Decharme (2025), some formulations may be formally valid but,
in that case, describe only the volumetric fraction of SOC rather than total SOM, thereby neglecting both the SOC-to-SOM

conversion and the substantial variability in organic matter density. In other cases, they conflate SOM-based bulk density with
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a threshold intended for SOC, combining quantities of different physical nature and resulting in definitions inconsistent with
soil mixture theory. These inconsistencies propagate to the estimation of bulk soil properties and introduce systematic biases.
To address these limitations, Decharme (2025) proposed a physically based framework relying on mass—volume relationships
and a SOC-to-SOM conversion derived from observational data, accounting for vertical variations in porosity and hydraulic
behavior. This framework improves the internal consistency of SOM representation in LSMs without requiring additional
inputs or calibration. It has so far been evaluated only in idealized settings, using controlled laboratory experiments and in situ
observations. That study demonstrated accurate reproduction of key soil structural properties, such as porosity and thermal
conductivity, across a wide range of SOM contents and textures, with improved agreement over existing empirical SOC-based

parameterizations, especially for organic-rich soils.

However, two main limitations remain in Decharme (2025). First, the proposed framework has only been evaluated against
experimental and in situ datasets and has not yet been tested within a dynamic land surface modeling system. Such an as-
sessment is required to examine how the parameterization behaves when coupled to the full set of surface processes. This
is particularly relevant for regions where organic-rich soils are widespread, such as high-latitude peatlands and tropical peat
ecosystems (Hardouin et al., 2024). In high-latitude regions, SOM strongly influences the soil thermal regime of the permafrost
and the depth of its active layer. Their low bulk density, high porosity and low thermal conductivity produce a marked insu-
lating effect that controls the transfer of energy through the soil column. Several modeling studies have shown that neglecting
the specific physical behavior of organic horizons can bias the simulation of the active layer depth (Dankers et al., 2011;
Chadburn et al., 2015; Decharme et al., 2016; Guimberteau et al., 2018; Chadburn et al., 2022; Gaillard et al., 2025). Organic
soils are also abundant in tropical regions where extensive peatlands store large amounts of carbon and exhibit hydrological
and thermal properties that differ strongly from those of mineral soils. An explicit representation of the volumetric organic
fraction is therefore required to simulate the behavior of these systems within land surface models. Second, the evaluation
performed in Decharme (2025) (cf. Figure 4) revealed a systematic overestimation of saturated water content for samples with
low porosity (<0.4 m3.m~3), generally associated with low SOM content. This deviation does not originate from the soil
mixture theory but from the porosity of the mineral reference phase derived from the Cosby et al. (1984) PTF, which never
predicts porosity values below 0.4 m®.m~3. This bias is consistent with experimental evidence showing that mineral horizons
can reach higher bulk density and lower porosity than texture-based PTFs usually allow. In addition, when using the dataset of
Keller and Hakansson (2010), we applied the recommended conversion factor of 0.83 to derive a non-compacted bulk density
from the measured reference bulk density. This correction allowed us to compare the non-compacted porosity predicted by
the framework of Decharme (2025) with the porosity inferred from the ratio between this empirically adjusted bulk density
and the measured particle density, particularly for samples with low organic matter content. This validation strategy remains
unsatisfactory, because natural soils are often compacted to varying degrees, and their bulk density and porosity rarely reflect

the non-compacted reference state used in this comparison.

Compaction is widely documented in soil physics. Increases in packing density arise from machinery traffic, livestock or

natural processes, and these changes modify bulk density, porosity, aeration, infiltration and soil strength across a wide range
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of textures (Batey, 2009; Nawaz et al., 2013; Stolte et al., 2016). Laboratory and field studies show that compaction alters
the soil pore-size distribution by reducing structural macroporosity, increasing the proportion of smaller pores, and changing
microstructural state variables that control water retention and mechanical behavior (Smith et al., 2001; Richard et al., 2001;
Zhang et al., 2006; Dias et al., 2024; Xiao et al., 2022). Compacted horizons thus tend to exhibit higher air-entry suction, steeper
water retention curves in the wet range and reduced hydraulic conductivity, although the response of field capacity and available
water capacity can depend on texture and the level of compaction. These studies also emphasize that compacted horizons are
persistent, influence root penetration and water flow, and occur in both agricultural and forest soils under many management
and climatic conditions. At continental scales, regional assessments show that many soils are susceptible to high packing
density (Jones et al., 2003) and that densely packed mineral horizons are, for instance, common across Europe (Panagos et al.,
2024). This susceptibility is often linked to soil texture, with fine-textured and clay-rich soils showing a stronger tendency to
compact under moist conditions (Nawaz et al., 2013; Renger et al., 2014; Schjgnning et al., 2016). In parallel, several modeling
studies have proposed empirical or semi-empirical relationships to represent the effect of bulk density on hydraulic properties,
either by relating changes in air-entry pressure and pore-size distribution indices to compaction or by coupling the evolution
of pore-size distributions with soil deformation processes to predict time-varying water retention and hydraulic conductivity
after tillage (Assouline et al., 1997; Or et al., 2000; Assouline, 2006a, b; Tian et al., 2018, 2019; Peters et al., 2025). These
approaches provide useful insight into how compaction modifies the soil water retention curve and conductivity, but they
are not yet integrated into large-scale land surface parameterizations. These facts indicate that compacted mineral states are
widespread and should be accounted for when defining the porosity and, when possible, the corresponding soil water retention
and hydraulic conductivity. Consequently, we extend the previous framework by introducing a simple adjustment for mineral

soil compaction.

The goal of this study is therefore to evaluate the impact of the physically based SOM parameterization of Decharme (2025)
on global land surface simulations. We further examine how representing mineral compaction adjustment within this soil
mixture framework affects these simulations. We implement these developments into the ISBA-CTRIP land surface modeling
system (Decharme et al., 2019; Delire et al., 2020), developed at the Centre National de Recherches Météorologiques (CNRM)
and embedded in the SURFEX version 9.0 numerical platform (Masson et al., 2013). Their performances are evaluated across
four configurations consisting of a purely mineral soil, the former ISBA-CTRIP parameterization (Decharme et al., 2016),
the new mixture framework (Decharme, 2025), and this mixture framework including mineral compaction. ISBA-CTRIP is
used in Météo-France’s climate modeling chain and serves as the land component of its Earth system model (Decharme and
Colin, 2025). It combines the ISBA (Interaction Soil-Biosphere-Atmosphere) LSM with the CTRIP (CNRM version of the
Total Runoff Integrating Pathways) river routing model using the OASIS3-MCT coupler (Voldoire et al., 2017). An explicit
two-way coupling allows surface hydrology and groundwater dynamics to interact with the soil and atmosphere. Floodplains
exchange water with the soil column through infiltration and free-water evaporation, while precipitation interception is also
represented. Groundwater dynamics are simulated over 218 of the world’s largest unconfined aquifer basins, allowing upward

capillary fluxes from the water table to impact near-surface soil moisture and energy fluxes.
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To describe the soil properties in ISBA-CTRIP, we use the latest version of the SoilGrids 2.0 database (Poggio et al., 2021).
This database provides globally gridded estimates of soil texture, bulk density, and SOC content across six standardized soil
horizons down to 2 meters depth. Below 2 meters, bulk density and SOC content are extrapolated using depth-dependent decay
functions consistent with the SoilGrids profile. The model is forced over the 1948-2010 period using the Princeton Global
Forcing (PGF) dataset developed by Princeton University (Sheffield et al., 2006). This dataset provides meteorological forcing
fields at a spatial resolution of 1°, representative of current-generation climate models. Several simulations with different im-
plementations of the parameterizations describing the physical effects of SOM, including the new physically-based framework,
are then analyzed and compared to various observational datasets. A brief description of the ISBA-CTRIP model and a review
of the parameterizations used to represent the physical effects of SOM in LSMs are provided in Section 2, together with the
experimental setup and forcing data. This includes the interpolation of SoilGrids-derived inputs, the vertical discretization of
soil properties, and the configuration adopted for the global simulations. The main results are presented in Section 3. We ana-
lyze the impact of both the revised SOM representation and the mineral compaction adjustment on key land surface variables,
focusing on soil moisture, soil temperature, evapotranspiration and runoff. The analysis compares simulations using the new
physically based framework with those obtained using the standard mineral soil or the empirical SOC-based parameterization.
Finally, section 4 provides a brief discussion of the results, outlines the limitations of the current approach, while section 5

summarizes the main conclusions and perspectives of the study.

2 Materials and methods
2.1 Brief review of ISBA-CTRIP

ISBA-CTRIP is the land surface modeling system developed at CNRM over the last decade for use in both standalone and
coupled Earth system configurations (Decharme et al., 2019; Voldoire et al., 2019; Delire et al., 2020; Roehrig et al., 2020;
Séférian et al., 2019; Decharme et al., 2025; Decharme and Colin, 2025). The CTRIP river routing model routes runoff and
drainage produced by ISBA through a global river network at 0.5° resolution to the ocean. It explicitly simulates river discharge,
floodplain storage and reinfiltration, and groundwater—surface water exchanges. Groundwater dynamics are represented with
a shallow unconfined aquifer fed by deep drainage from the soil column, which contributes to baseflow and interacts laterally
with floodplains. CTRIP therefore helps close the continental water cycle in the Météo-France Earth system model and enables
direct comparison of simulated discharge with observations to assess large-scale water balance over river basins and continental

domains.

ISBA simulates the exchanges of energy and water between the land surface and the atmosphere, as well as soil heat and
moisture dynamics, snowpack evolution, and vegetation processes including photosynthesis. For forested areas, the energy bal-
ance is computed using the multi-energy balance (MEB) scheme (Boone et al., 2017), which represents separately the canopy,
the snow intercepted by the canopy, and the forest floor. Within this scheme, a litter option adds an explicit surface layer above

the mineral soil, with prognostic liquid water and ice contents, which influences heat and moisture exchanges at the ground
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surface (Napoly et al., 2017). In this study, the thermal properties of the litter were adapted to ensure consistency under freez-
ing conditions, since the original litter thermal conductivity neglects ice (Napoly et al., 2017). We therefore compute litter
thermal properties using the same process-based formalism as for the soil thermal scheme (Appendix A), treating litter as a
purely organic medium (Appendix A2). Carbon uptake is computed from atmospheric CO5 concentration, leaf temperature,
and incoming solar radiation using a light-use efficiency approach. This formulation allows the model to simulate plant tran-
spiration through stomatal conductance, which responds to atmospheric conditions and soil moisture (Delire et al., 2020). As
a result, the leaf area index (LAI) is prognostic and evolves interactively with climate, as in our Earth system model (Séférian
et al., 2019). The hydrological scheme computes infiltration, surface runoff, soil evaporation, transpiration, and drainage. Infil-
tration includes rainfall reaching the ground, through-fall, and snowmelt. Surface runoff combines saturation-excess (Dunne)
and infiltration-excess (Horton) mechanisms. Dunne runoff is computed using a subgrid topography-based TOPMODEL ap-
proach (Decharme et al., 2006, 2013). Horton runoff is represented through subgrid-scale parameterizations based on the spatial
variability of precipitation intensity and soil infiltration capacity, both described by exponential distributions. Vegetation het-
erogeneity is represented using a tiling approach with 12 surface types per grid cell (Decharme and Douville, 2006). The model
includes a multi-layer snow scheme of intermediate complexity, which represents the physical properties of the snowpack in

up to 12 layers (Boone and Etchevers, 2001; Decharme et al., 2016).

The soil physical processes in ISBA are solved using a multi-layer scheme based on the diffusion of heat and water through
the soil column. Soil temperature and moisture profiles are then computed over 14 layers by solving the one-dimensional
Fourier and Darcy laws. The thermal scheme spans a total depth of 12 m, with layer interfaces located at 0.01, 0.04, 0.1, 0.2,
0.4,0.6,0.8,1.0, 1.5,2.0, 3.0, 5.0, 8.0, and 12.0 m. The hydrological scheme is applied on the same vertical grid but is generally
limited to the root-zone depth, which typically ranges from about 1 m for bare soils or low vegetation to 8 m in tropical forests.
In permafrost regions, however, it is extended to the full 12 m depth to account for freeze—thaw processes (Decharme et al.,
2019). Thermal properties are derived following Peters-Lidard et al. (1998), using texture-based parameterizations to estimate
the volumetric heat capacity and the thermal conductivity of the bulk soil (Appendix A). Hydraulic properties are estimated
from soil texture trough four key parameters: the porosity, the air-entry potential, the pore-size distribution index, and the
saturated hydraulic conductivity. In this study, these parameters are derived using the Cosby-SC PTF, which relies solely on
sand and clay mass fractions (Table 5 of Cosby et al., 1984) and was calibrated for mineral soils only. This PTF was retained
because it was identified by Weihermiiller et al. (2021) as the most accurate among texture-based PTFs for simulating soil
water balance with the Brooks and Corey (1964) model. Finally, these parameters are used within the Brooks and Corey (1964)
model to define water retention and unsaturated hydraulic conductivity as functions of soil moisture and water pressure head.
This formalism allows ISBA to solve the mixed form of the Richards equation for vertical water movement in a physically
consistent way, i.e. the tendency is solved in terms of volumetric water, while the hydraulic gradient is solved in terms of water
pressure head (Boone et al., 2000; Decharme et al., 2011, 2013). Soil freezing is explicitly computed in each soil layer by
solving the prognostic equation for ice content, including phase changes, sublimation, and the insulating effect of snow and

vegetation cover (Boone et al., 2000; Decharme et al., 2016).
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2.2 Parameterizations of soil organic matter effects

In this study, we compare the two parameterizations of SOM effects implemented in ISBA-CTRIP: the previous empirical
formulation from Decharme et al. (2016) based on the pioneer works of Letts et al. (2000) and Lawrence and Slater (2008),
and the new process based formalism from Decharme (2025). The both differs in how the volumetric fraction of organic matter
is estimated and how hydraulic and thermal properties are assigned to organic layers (Table 1). Only the main features are

summarized here, while full details of these formalisms can be found in their respective publications.
2.2.1 The previous parameterization

As proposed by Letts et al. (2000) and Dankers et al. (2011), the initial parameterization by Decharme et al. (2016), here-
after referred to as DE16, prescribes depth-dependent profiles for SOM hydraulic properties relative to the earlier scheme of
Lawrence and Slater (2008), whereas SOM thermal properties are kept constant with depth. The hydraulic property profiles
follow an idealized power-law function with depth, typically extending over the upper meter of the soil column, to represent the
gradual decomposition of SOM with depth. This results in a sharp decrease in porosity and an increase in SOM bulk density
from the surface downward, mimicking the structural evolution of peat layers. The range of SOM hydraulic properties in this
parameterization is documented in Table 1 and spans from those typical of poorly decomposed fibric peat to those of highly

decomposed sapric peat, following previous process-based studies (Boelter, 1968, 1969; Letts et al., 2000).

Once the organic properties are determined, the physical properties of the soil are obtained by mixing the mineral and organic
components using simple volumetric relationships. Most properties (X), including porosity, field capacity, wilting point, the
pore size distribution index, the saturated matric potential, and the soil heat capacity, are combined through an arithmetic
volumetric average, X5 = fo,,, Xom + (1 — fu,,, ) Xms. In contrast, the saturated hydraulic conductivity and both the saturated

and dry thermal conductivities use geometric averaging, X; = X, L”,f X,(,%S_ Foom)

, consistent with both theoretical and empirical
studies showing that it provides a good approximation of the effective behavior of heterogeneous porous media (Prudic, 1991;

Paleologos et al., 1996; Stepanyants and Teodorovich, 2003; Sakaki and Smits, 2015; Rojas et al., 2022; Decharme, 2025).
2.2.2 The new proposed framework

The new proposed framework from Decharme (2025), named hereafter DE25, is summerized in Figure 1 and Table 1. It
estimates the volumetric fraction of SOM, f,_ (m3 m~3), from input SOC mass content, f,, _ (kg kgfl), and dry bulk
density, p, (kg m~?), using mass—volume relationships and a variable SOC-to-SOM conversion factor based on the PTF
proposed by Ruehlmann (2020) to compute SOM mass content, f,,,. . (kg kg~!). The derivation of f,,  requires an estimate
of the apparent bulk density of the organic matter domain, pp,,, (kg m~3), which is computed from f,, = and from the bulk
density of the mineral phase, p, . (kg m~2). The latter is obtained using the PTF of Ruehlmann (2020) to compute the particle
density of the mineral phase (Equation 25 in Decharme, 2025), combined with the PTF of Cosby et al. (1984) to determine the
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Table 1. Summary of the parameterizations used to represent the physical properties of the organic matter component in both formulations:
DE16 refers to Decharme et al. (2016), and DE25 to the companion paper (Decharme, 2025) schematized in Figurel. Note that f,;,_ isa
numerical corrected value of f,,,,, given by Equation (3), and used to avoid unphysical py_,, values when fo,,,, is very small. All symbols

and their respective units are defined in Appendix B.

Properties Unit DE16 DE25
From kgkg™! — min [1.0,1.848 fn,%%7]
= -1
Phan kgm ™ 1300 (1 = wat,.,) P (5 = 5o ) with py,,, € [1,1000]
3 3 P P

foom m”.m Jmoe 5o Frmom o=
Wsat,,, m?.m~? 0.93 to 0.845 0.95 —0.437 ri®)
Wy m®.m~? 0.369 t0 0.719 3.1486 (0.12"vom 1p:70)
Wity m®m~? 0.073 t0 0.222 0.9355 (0.207om 7p:1)
bom — 2.7t012 2.933 4 0.442 rp-463 4 (1321 Toor)
Vsatom m —0.0103 to —0.0101 (101.663 7y, —46.913 1)~ —61.62517.5%%) 0.0168"om
Ksaton m.s~! 2.8x10 % to 1x10~7 107995 1:8910810 (=" (") +0.068)~2.96 1o, {*) +0.045)
Cs., Jm 2K} 1300 ¢S5 e,

om Wsatom )
Xsom Wm K 0.25 0.25
Ndryom Wm™!K™! 0.05 0.05

(7 = Pbyy, /1000, P2 = min(3, 2], Iy =min[0.25,rp,,, ], (Deom = 1972 Tkg =t K~

porosity of the mineral phase:

Pbrs = (1 —wsat,,.) Psms (D

where wgq:,. . (m3 m~3) is the porosity of the mineral phase and p, . (kg m~3) its particle density. Building on this, the

apparent bulk density of the organic matter domain follows from the soil mixture formulation of Decharme (2025):

1 1—f5 \7!
S i 8
NP Poo

where f7, (kg kg~!) is a numerical corrected value of f,, .

Indeed, with global input datasets used by LSMs, the analytical form used to compute pp_ . is a rational function that may
exhibit a vertical asymptote for certain parameter combinations. In particular, when p;, approaches py, ., and f,,, becomes
very small, the denominator tends to zero. The function thus behaves as a quasi-hyperbolic expression, both structurally and
dynamically, which is numerically unstable. This induces a strongly amplified non-linear response, leading to unphysical

negative values of p;_, . To prevent such artifacts, a lower bound is applied to f,,,, in the computation of p;,, proposed by

om
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the companion study (Decharme, 2025) to avoid divergence. This corrected value, f7;, . is defined as:

Jrm,, = max {fmom,l.o — <10 — 5) Pbms] 3)
Pb

where € = 1 x 107° is a small number used to maintain numerical consistency. In addition to producing negative values, the

same numerical artifact can also lead to unrealistically high values of p;__, especially when the denominator in the analytical

om?

expression becomes very small. To avoid such inconsistencies, pp,,. is finally constrained to remain above 1 kg m~2 and to

not exceed 1000 kg m~3, the latter being the upper limit typically observed in highly decomposed peat layers (e.g., Liu and
Lennartz, 2019; Lennartz and Liu, 2019; Liu et al., 2022). These numerical corrections ensure that pp,,, remains physically

meaningful and avoids unrealistic behavior in low-organic-content soils.

Cosby .
/Input soil data (SO”Gl’id Z.O) \ et al. Mineral hydro parameters

Wsarms Wmeg Wwﬁtms bms t\bsﬂl’mg ksarms

o Textures/, . f.. [
y) milt Mineral particle densit
Eq. 25 p Y Psps
o Dry bulk densityp, —— Eq. 24
\O Organic carbon f,,, / Mineral bulk density p,,
Eq. 28 Fq. 23
| Organic matterf,, }7 | Organic bulk density p,,
|
Eq. 22 ‘Eq. 30, 31, 34, 36, 43
| Organic volumetric fraction f, \ Soil organic matter parameters
Wsatgm chgm Ww{frgm bom wsatgm ksatgm ps,;,m
|

Mixing rules | Eqg. 4,5, 18,41

[ Soil hydraulic and thermal parameters

Figure 1. Schematic representation of the process-based framework used to derive soil hydraulic and thermal properties from global soil
datasets such as SoilGrids 2.0. Soil texture, soil bulk density, and organic carbon mass fraction are used to compute the organic matter mass
fraction through a SOC-to-SOM conversion equation, and the organic bulk density and volumetric fraction through mixture theory. Mineral
properties (denoted by ms) are estimated using the pedotransfer functions of Cosby et al. (1984), while organic phase properties (denoted by
om) are derived following Decharme (2025). Both sets of properties are then combined with mixing rules to obtain effective soil parameters.

Equation numbers refer to the companion study Decharme (2025). All symbols and units are defined in Appendix B.
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The framework also derives the hydraulic properties of organic soils for use in the Brooks and Corey (1964) model as
functions of SOM bulk density. Water retention parameters, including the porosity, the pore-size distribution index and air-
entry potential, are estimated from recent empirical relationships fitted to laboratory and field datasets (Liu and Lennartz, 2019;
Liu et al., 2022). Saturated hydraulic conductivity is computed using a dedicated PTF calibrated on the dataset of Morris et al.
(2022). The mixing rules used in this framework to derive bulk soil hydraulic properties are consistent with DE16, applying

arithmetic averaging for most structural and retention parameters and geometric means for saturated hydraulic conductivity.

Regarding the calculation of bulk soil thermal properties, the approach adopted in DE25 differs from previous formulations,
as detailed in Appendix A. The dry thermal conductivity is estimated using a geo-harmonic mean weighted by f,,. = (Appendix
A1.3), which better accounts for the large contrast between mineral and organic constituents under dry conditions, as discussed
in the companion study. The soil solid heat capacity and thermal conductivity are computed as the arithmetic and geometric
means, respectively, of the values for organic and mineral constituents. Each constituent is weighted by its volume fraction
within the solid skeleton, excluding pore space, rather than within the bulk soil. The relevant fraction in this mixing rule is
thus the SOM volumetric fraction in the solid phase, f; , which differs from f,,, that includes pore space (Johansen, 1977;
Balland and Arp, 2005; Cuynet et al., 2025; Decharme, 2025).

2.2.3 Mineral soil compaction adjustment

This new formalism is then extended by introducing a representation of mineral compaction adjustment within the soil mixture
framework. The underlying assumption is that the porosity and hydraulic parameters predicted by the PTFs of Cosby et al.
(1984) describe a non-compacted mineral soil, as these functions were calibrated on samples that were not explicitly subjected
to mechanical compaction. In contrast, field-scale bulk density measurements generally reflect soils that are compacted to some
degree. Because global input datasets used in LSMs, such as SoilGrids or HWSD, are largely derived from in-situ observations
compiled in databases like WoSIS (Batjes et al., 2017, 2024), it is reasonable to assume that these gridded bulk density values
also represent soils that are, on average, closer to compacted than to ideal non-compacted conditions. In this study, we adopt the
working assumption that these values correspond to compacted conditions, which is required to introduce the compaction op-
tion described below. Using compacted bulk densities together with non-compacted PTFs leads to inconsistencies in the DE25
framework, because the mineral particle density and porosity inferred from the non-compacted PTFs become incompatible

with the compacted bulk density applied at the grid scale.

To address this mismatch, we first correct the mineral bulk density before recomputing all mineral properties involved in the
DE25 formulation. The compaction of the mineral phase is represented by modifying the non-compacted bulk density obtained
from the Cosby et al. (1984) and Ruehlmann (2020) PTFs. Following the empirical approach of Renger et al. (2014), which has
been applied in several studies (Reeve et al., 1973; Jones et al., 2003; Hollis et al., 2015; Schneider and Don, 2019; Panagos
et al., 2024; Harbo et al., 2025), the compacted bulk density, pgms (kg m~3), depends on the SOM, clay and silt mass fractions
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and is written as:

Pbons 900 frnse V fin,,, >0.01
Ph,s = 4)
Doy, +500 frgs +100 frns Y fm < 0.01

where p,, (kg m~3) is obtained through Equation (1). Renger et al. (2014) discussed that the first relationship was derived

mainly from marsh and floodplain soils that often contained more than about 3% organic matter. They also showed that the
original clay coefficient (900) was too high for soils with humus contents below roughly 1% and provided a reduced formulation
that gave a better agreement between estimated and field-assessed bulk densities. This supports the use of this f,,,, threshold
of 0.01 kg kg~! to switch between the two empirical expressions. Once Py, 1s determined, the compacted mineral porosity

follows directly from the inversion of Equation (1):

(6]

Pbyns

Weaty,, = 1= 275 Y pp,, <090, 3)
Psms

where wg,, (m>-m~3) is the compacted mineral porosity. To ensure physical consistency, the compacted mineral bulk density

is limited to 90% of the mineral particle density, which ensures a minimum porosity of 0.1 m® m~3. This is a conservative
choice, since field measurements indicate that total porosity in highly compacted mineral soils can reach these low values

(Hakansson and Lipiec, 2000).

Once the compacted mineral porosity is obtained, the mineral hydraulic parameters required by ISBA must also be up-
dated. ISBA solves the Richards equation using the soil water retention curve of Campbell (1974), which depends on the
air-entry pressure head, and the pore-size distribution index. Because both parameters in their original form correspond to
non-compacted conditions derived from the Cosby et al. (1984) PTFs, they must be rescaled to remain consistent with the
compacted mineral bulk density. The compacted values are computed using the relationships proposed by Tian et al. (2018),

based on the work of Assouline et al. (1997) and Assouline (2006a), as reported by Peters et al. (2025):

Frgg
0.97—1.28 =il
Plc,ms Fmclay
bfr:ns = bins (/)b (6a)
3.97
Pome
satme = Vsatms (pb - (6b)
where 07, ; and by,,s (-) are the compacted and non-compacted pore-size distribution indices of the mineral phase, and 95,

and 54, (m) are the corresponding compacted and non-compacted air-entry pressure heads.

After updating the soil water retention parameters, the saturated hydraulic conductivity of the mineral phase must also
be corrected to remain consistent with the compacted porosity. To compute the compacted hydraulic conductivity, the non-
compacted conductivity at saturation is rescaled using the Or et al. (2000) approach based on the Kozeny—Carman relationship,
as reported by Assouline (2006b):

3 2
we 1 — wgat
ke —k Salms Satms 7
Satms satms <wsatms 1 —we ( )

satms
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where k¢

cat,,. 15 the compacted saturated hydraulic conductivity and ksqq,,, is its non-compacted value from Cosby et al.
(1984).

The compacted values pj Wy, s Vsqr, s by, and k5, are then introduced into the DE25 mixture formalism. Because
DE25 computes bulk soil properties from the densities and volume fractions of the organic and mineral phases, correcting the
mineral density and updating the associated hydraulic properties directly propagate through the mixture equations. This ensures
that compaction adjustment is represented consistently within DE25 without modifying the structure of the soil mixture theory

or its mixing rules.
2.3 Experimental design
2.3.1 Land surface parameters

In ISBA-CTRIP, vegetation characteristics are prescribed using the ECOCLIMAP-II database at 1-km resolution (Masson
et al., 2003; Faroux et al., 2013). This dataset integrates more than 500 land cover classes, derived from the 100-m Corine Land
Cover map over Europe and the Global Land Cover 2000 dataset elsewhere. These detailed land cover types are aggregated into
12 subgrid land tiles at the model resolution, allowing for a representation of land cover heterogeneity within each grid cell.
For each tile, root depth is prescribed based on observational data compiled by Canadell et al. (1996). The snow-free surface
albedo is derived at global scale for each land cover unit using a 10-year MODIS dataset (2001-2010), processed at 1-km
resolution (Carrer et al., 2014). A Kalman filter approach is applied to retrieve mean seasonal cycles at 10-day intervals for
visible (0.3-0.7 pm) and near-infrared (0.7-5.0 pm) spectral bands, separately for vegetated and bare surfaces. The snow-free
albedo at the model grid cell scale is then computed as the weighted average of these two components, using the vegetation
fraction specified for each subgrid tile. The topographic index used in ISBA to compute Dunne runoff via the TOPMODEL
approach is derived from the global dataset of Marthews et al. (2015), based on the HydroSHEDS digital elevation model at
15-arcsecond resolution. Within each model grid cell, the subgrid distribution is represented using a three-parameter gamma
function fitted to the local mean, standard deviation, and skewness of the original high-resolution values Decharme et al. (2006).
Topographic data used in the CTRIP routing model is extracted from the GMTED2010 global elevation dataset Danielson and
Gesch (2011), available at a spatial resolution of 7.5 arc-seconds (approximately 250 meters). A detailed description of the
parameters used to represent river network structure and subsurface hydraulic properties in CTRIP can be found in Decharme

etal. (2019).

Soil properties are prescribed using the SoilGrids-2.0 database (Poggio et al., 2021), which provides global estimates at 250
m resolution for sand, silt, and clay mass fractions, dry bulk density, and SOC content. These variables are available over six
standard depth layers (0-5, 5-15, 15-30, 30-60, 60-100, and 100-200 cm). To vertically remap SoilGrids profiles onto the ISBA
soil levels, a piecewise linear interpolation is first applied. The original SoilGrids profile X (z) is defined at fixed depths 2y,
corresponding to the center of the j-th SoilGrids horizons (i.e., 2.5, 10, 22.5, 45, 80, and 150 cm), with j ranging from 1 to

n = 6. The value X (zkj ) represents the variable at depth 2k while z; denotes the center of the i-th ISBA layer. For any z;, the
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value is interpolated linearly as:

2 — L

X(zi)—X(ij)Jr( J > [X(zkHl)—X(zkj)] Vg, <2 < 2k, (8)

Zkjp1 T Pk
Outside the SoilGrids vertical range, sand and clay contents are simply extended using the shallowest and deepest available

values, applied to the top and bottom of the ISBA profile, respectively.

In contrast, an extrapolation is performed for f,, , and p,. For ISBA levels located above the top of the SoilGrids profile
(#i < zg, ), values are obtained by linear upward extrapolation, using the same expression as in Equation (8) with the first two
SoilGrids levels (2, and zy,). For ISBA levels deeper than the last SoilGrids level (z1,, = 150 cm), an asymptotic extrapolation

is applied assuming a power-law decay:

PN
X(zi)zX(zkn)~< - ) Yoz > 2, €))

an,
The attenuation coefficient (3 is estimated from the vertical structure of the original profile. We first compute two ratios to char-
acterize how the SoilGrids profile X (zy,) decreases with depth. The first ratio Ry compares the deepest and shallowest values,
the second ratio R,, compares the two deepest layers, and the last ratio R, represents the average ratio between successive

layers, to capture the overall trend across the profile:

_ X(zk,)
=% (10a)
X(2x,)
R,=—""~ 10b
X(oh ) (100
s 1 n X(ij)
By, = n—lI;zX(zk_l) (10¢)

The attenuation coefficient (3 is determined based on the relative shape of the profile. If the profile is nearly constant with depth
(R1 =1), we simply set § = 1. If the profile shows a strong decrease with depth (R; < 0.9), we take the smallest of the two
local indicators, R,, and Ry,. In other cases, 3 is chosen as the value closest to 1 between R,, and Rj,. This procedure ensures

a smooth extension of the profile outside the SoilGrids domain, while preserving its vertical structure. It is defined as follow:

1 VR =1
B={ min(R,,R;) VR <0.9 (1)

argmin |1—y| VYV Ry >0.9
yeRnyék

In the last case, 3 is defined using the argmin operator, which selects the element y from the set R,,, R}, that minimizes the
absolute difference |1 — y| (i.e. the y closest to 1). This ensures a smooth continuation of the profile, while limiting abrupt
changes in curvature at the bottom boundary. Note that for p;, the depth used in the extrapolation is capped at 10 m. Below
this depth, p, remains equal to its value at 10 m, preventing unrealistically high densities. For SOC content (X = f,,,.), 0
is further constrained such that 3 < 1, preventing any increase with depth. When § = 1, Equation (9) reduces to a constant

extension equal to the deepest available value.
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2.3.2 Experiments

This study adopts a configuration aligned with earlier offline implementations of the ISBA-CTRIP system (Decharme et al.,
2012, 2019, 2025) and in phase with its integration within the CNRM Earth System Model (Voldoire et al., 2019; Séférian
et al., 2019; Decharme and Colin, 2025). ISBA is run on a 1° regular latitude-longitude grid with a 15-minute time step.
CTRIP operates at 0.5° resolution and a 30-minute time step. The two components are coupled in a two-way configuration

every hour. We conducted four main simulations for the 1948-2010 period:
— CTL: no representation of SOM effects in ISBA-CTRIP
— DEI6: SOM parameterization based on the SOC formulation of Decharme et al. (2016)
— DE25: SOM effects are represented using the process-based framework introduced in Decharme (2025)
— DE25c: Soil compaction adjustment is added to the DE25 framework

A comparative overview of the SOM representation used in the DE16 and DE25 experiments is provided in Tables 1.

ISBA-CTRIP is forced with the 3-hourly Princeton Global Forcing (PGF) version 1 dataset (Sheffield et al., 2006), which
spans the 1948-2010 period at a 1° spatial resolution. This dataset is used to ensure consistency with previous ISBA-CTRIP
applications (Decharme et al., 2012, 2019, 2025). The PGF product originates from the NCEP-NCAR reanalysis, and has
been corrected for biases at diurnal, daily, and monthly time scales. These corrections rely on various observational refer-
ences, including air temperature, radiative fluxes, and precipitation. In particular, the precipitation bias correction was per-
formed to match monthly totals from the Global Precipitation Climatology Centre (GPCC) Full Data Product (Schneider et al.,
2011, 2014). All experiments are initialized from a balanced state derived from earlier simulations performed by Decharme
et al. (2019), using the same model setup. This initial state was obtained through a 150-year spin-up driven by PGF forcing,
cycling the 1948-1957 period to equilibrate slow-varying land surface reservoirs, including deep soil moisture and temperature
in permafrost regions, inland glacier snowpack, and groundwater storage. Starting from this state, simulations were run from
1951 to 2010. The first two decades (1951-1970) were used as a secondary spin-up to stabilize faster components of the system,
such as snow cover, soil moisture in the root zone, river discharge, floodplains, and artificial reservoirs. Only the 1971-2010

period is retained for evaluation and analysis.
2.3.3 Evaluation data sets

The first stage of the evaluation relies on a subset of the observational datasets used in Decharme (2025), which provide inde-
pendent information on soil porosity, bulk density, and water retention behavior. These datasets allow an evaluation of both the
physical consistency of the mineral compaction adjustment and its impact on the predictive skill of the DE25 parameterization.
A brief description is given below, and the reader is referred to Decharme (2025) for more details. The first dataset is that of
Keller and Hakansson (2010), which contains soil measurements from Nordic agricultural fields and provides paired observa-

tions of bulk density, particle density and organic matter content. The second dataset is Arkhangel’skaya (2009), which reports
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field measurements of thermal and structural properties in Russian soils across a wide range of textures and organic contents.
The third dataset is Kristensen et al. (2019), a harmonized compilation of European in situ observations of bulk density, poros-
ity and organic carbon across multiple land uses and depths. In addition, we use the global SoilKsatDB of Gupta et al. (2021)

to provide an independent check of the saturated hydraulic conductivity predicted by the compacted mineral formulation.

The second stage of the evaluation focuses on large-scale hydrological behavior. It follows a protocol widely used in global
assessments of ISBA-CTRIP, both in offline mode (Decharme et al., 2019, 2025) and in coupled Earth system configurations
(Decharme, 2025). The datasets listed below constitute the benchmark used in this stage. Terrestrial water storage variations are
evaluated using monthly GRACE RLOS5 solutions from CSR, JPL and GFZ for the period 2002-2010, which provide satellite-
derived constraints on continental water mass changes (Swenson, 2012; Landerer, 2021). River discharge is assessed using
daily in situ measurements from the Global Runoff Data Centre (GRDC, 2025), complemented by United States Geological
Survey data for the Mississippi basin (USGS, 2019), the French HYDRO database for France (OFB, 2025), the HyBAm
database for the Amazon basin (Hybam, 2025), and the Antico et al. (2018) data for the Parana river at Rosario. Land surface
evaporation is evaluated using three independent global datasets from the evapoRe v2.04 archive (Rahmati Ziveh et al., 2025):
BESS (Li et al., 2023), TerraClimate (Abatzoglou et al., 2018) and CAMELS (Li et al., 2024), which provide complementary
estimates based on satellite-driven energy balance models, climate-driven reconstructions and catchment-level water balance

constraints.

The last stage of the evaluation focuses on land surface thermal behavior based on two datasets providing large-scale con-
straints. Soil temperature is assessed using the global product of Lembrechts et al. (2022), based on the SoilTemp database,
which compiles in situ soil temperature time series with broad global coverage over recent decades. Monthly soil temperatures
for the 0-5 cm layer, representing modern mean conditions, are produced at 1 km resolution by modelling soil-air temper-
ature offsets with Random Forest models and combining them with gridded monthly 2 m air temperature fields from ERAS
for 1979-1981 and from ERAS5-Land for 1981-2020. Data are regridded to a regular 1° grid using area-weighted averaging.
Model results are compared over the 1979-2010 period to ensure consistency with the ERAS-based forcing and to limit inter-
annual variability. To complement this near-surface information with deeper thermal dynamics, annual active-layer thickness
is evaluated using observations from the Circumpolar Active Layer Monitoring (CALM) network, which provides long-term

measurements of thaw depth across Arctic permafrost regions (Nelson et al., 2021).

3 Results

Before analyzing the impact of DE16, DE25, and DE25c on the hydrological and thermal variables simulated by ISBA-CTRIP
at the global scale, we first evaluate the three parameterizations against the in situ data collected in the companion paper
Decharme (2025). Then, we examine the soil input fields used by the model. This analysis focuses on the vertical profiles of
soil texture, organic carbon content, and bulk density provided by SoilGrids, and on their implications for the simulated soil

physical properties. The objective is to document how these input profiles propagate into the soil property profiles diagnosed
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by the model under the different parameterization approaches, and to provide a consistent basis for the interpretation of the

subsequent hydrological and thermal results.
3.1 Soil physical properties

3.1.1 Evaluation using porosity of natural soils

70 a) Keller and Hakansson (2010) data 0.65 b) Arkhangel’skaya (2009) data c) Kristensen et al. (2019) data
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Figure 2. Comparison of observed and predicted soil porosity by the three schemes DE16, DE25 and DE25c across the three in situ datasets
already used in Decharme (2025): (a) Keller and Hakansson (2010), (b) Arkhangel’skaya (2009), and (c) Kristensen et al. (2019). The 1:1
line is shown in black, and the blue line represents the linear regression between predicted and observed values where its slope and intercept

provide an additional measure of agreement. Finally, skill scores (bias, c-rmse and -2) are given for each panel.
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Following the approach adopted in Decharme (2025), Figure 2 evaluates DE16, DE25, and DE25c using observed total
porosities from the datasets of Keller and Hakansson (2010), Arkhangel’skaya (2009), and Kristensen et al. (2019). The regres-
sion equations together with the bias, c-rmse and 72 scores summarize the performance of each scheme. For DE16 (top row),
all three datasets show a clear tendency to overestimate wsq;, especially for samples with high SOM content. This confirms
that the empirical DE16 approach is not suitable to represent organic soils, as already highlighted in the companion paper
with the Lawrence and Slater (2008) scheme from which DE16 is derived. As already shown in that paper, the DE25 scheme
(middle row) substantially reduces these biases across the three datasets. However, a tendency to overestimate w,; remains
for low-organic soils with the smallest observed porosities, consistent with the structural bias associated with the reference
mineral porosity derived from the Cosby et al. (1984) PTF. With DE25c¢ (bottom row), the introduction of mineral compaction
adjustment largely corrects this bias. The effect is particularly pronounced for samples with low SOM and high bulk density. In
contrast, samples rich in organic matter are only weakly affected by compaction, which is consistent with a scheme that primar-
ily acts on the mineral phase. Overall, Figure 2 shows that explicitly accounting for compaction within the DE25 framework
aligns modeled porosity with observations over a wide range of textures and organic matter contents. In addition, Supplemen-
tary Figures S1 and S2, obtained using the same protocol as in the companion paper Decharme (2025), show that including
mineral compaction adjustment also improves the simulation of the soil water retention curve and saturated hydraulic conduc-
tivity. These improvements are more modest than for w,; but confirm that the mineral compaction scheme has a systematic

positive effect on the representation of soil hydraulic properties.
3.1.2 Remapping of SoilGrids inputs and parameterization responses

After this site-scale evaluation against observed total porosity, we shift to a global perspective and examine how DE16, DE25,
and DE25c¢ behave when forced by SoilGrids. We analyze how the SoilGrids inputs control the modeled soil physical properties
across the full soil profile. Figure 3 compares soil property profiles from SoilGrids with those interpolated and extrapolated
onto the ISBA vertical discretization for three contrasting levels of organic matter content, representing a low-carbon soil, an
intermediate soil, and an organic-rich soil. The first four columns show the mass fractions of sand (fy.,,,.)> clay (fm.,,)
and organic carbon (f,,,, ), together with bulk density (p;). The texture profiles (sand and clay) largely preserve the structure
provided by SoilGrids: the ISBA points (red crosses) fall between the SoilGrids horizon values (black circles) and reproduce
the expected contrasts between the three soil types, while reflecting the vertical discretization specific to the model. The lines
connecting the points in each dataset should therefore be viewed only as a visual aid. Because the vertical levels of SoilGrids
and ISBA do not coincide exactly, the curves do not overlap point by point even when the interpolation is fully consistent. For
organic carbon and bulk density, the SoilGrids to ISBA conversion follows the interpolation and extrapolation scheme described
in the Land surface parameters section. Above the first SoilGrids level, values are extrapolated linearly to the surface, while at
depth they are extended using a simple law that enforces a smooth evolution of the profiles with depth. This treatment produces
smooth and physically plausible profiles for f,,, . and p;, without any obvious deviation from the input data. However, despite
the strong contrasts in f,,, . across the three profiles, p, remains relatively similar across these soil types. As a result, the

organic-rich profile exhibits bulk densities that are high compared with values commonly reported for organic-rich soils and
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peat horizons (Boelter, 1968, 1969; Rawls et al., 2003; Liu and Lennartz, 2019). This behavior suggests a limited sensitivity of

the SoilGrids bulk density product to organic carbon content, which could bias the representation of organic soils in LSMs.

The next column in Figure 3 shows mineral-phase bulk densities, py,,,, and pj =, diagnosed in DE25 and DE25c, respec-

tively. For a given mineral texture, this reference mineral bulk density does not depend on SOM content, and remains similar
across the three illustrative profiles. When mineral compaction adjustment is activated (DE25c¢), pj = increases relative to
Pb,,. (DE25) through the texture-dependent adjustment in Equation (4). Consequently, because the low-carbon profile is less
clay-rich than the other two profiles, the compaction adjustment seems weaker. However, this mineral-phase adjustment also
propagates to the diagnosed organic-phase properties. In the mixing theory (DE25 and DE25¢), pp,_, . is inferred from the pair

(fm.,Pp) together with p, . through Equation (2). Therefore, changes in p;, ,, induced by compaction directly affect the

ms

computed pyp,, and, subsequently, other SOM-related volumetric diagnostics. The corresponding py,,, profiles therefore differ

fundamentally between parameterizations (DE16, DE25, and DE25c¢), as shown next in Figure 3. In DE16, py,,, is prescribed
as a simple depth-dependent profile, increasing from about 90 to 200 kg m~—3 from the surface to deeper layers (Table 1),
and is therefore nearly identical for the three soils. In contrast, DE25 and DE25c diagnose py,,, from SoilGrids bulk vari-
ables, yielding profiles that vary across soils and with depth. For non-negligible organic mass fractions, higher organic carbon
content is generally associated with lower diagnosed py__ , whereas low-organic soils exhibit more homogeneous and denser
organic-phase profiles. In DE25c, the increase in pj  propagates through Equation (2) and tends to reduce py,,, relative to
DE2S5 for a given (f,,,.,pp) pair. It also reduces the frequency with which the correction in Equation (3) is triggered, thereby
reducing the occurrence of bound-saturated p;_,, values. Indeed, for very small f,,, ., the inversion in Equation (2) becomes
ill-conditioned when pj, approaches py,, . (or pj ), so that analytical values can fall outside physical ranges and are constrained
to prescribed bounds (1 and 1000 kg m~2). These saturation cases have negligible impact on bulk soil properties because the
organic mass fraction is vanishingly small. For the highly organic profile (bottom row in Figure 3), large f,,, . values combined
with relatively high pj can also force Equation (2) toward high p;_,, values, sometimes reaching the upper bound, which is not
representative of peat horizons. This illustrates how inconsistencies in the pair (f,,,,,p») provided by SoilGrids can propagate

into the inferred organic-phase properties.

The diagnosed py,,,, provides the last ingredient needed to compute the volumetric organic matter fraction, f,, . We there-
fore examine the resulting vertical profiles derived from the remapped inputs in Figure 3. All three parameterizations exhibit a
common vertical structure, with maximum values near the surface and a progressive decrease with depth, together with clear
contrasts between low-, intermediate-, and high-organic soils. This structure is primarily controlled by the SoilGrids f,,,, and,
in lesser extend, p;, profiles. Systematic differences nevertheless arise from the formulation of each scheme. In DE16, f,
depends on a prescribed empirical p,_ profile, which introduces a vertical structure not solely constrained by SoilGrids. For

instance, in the middle panel, very low near-surface p,_ . values can yield f, . values close to 1 m® m~3

even when f,_ .
remains around 0.06 kg kg~!. By contrast, in DE25, £, exhibits a vertical structure directly constrained by the input soil
properties, which leads to near-surface values that better remain consistent with the initial f,, _ levels across horizons. In

DE25c, the increase in the mineral bulk density implies, through Equation (2), a decrease in p;,_,, which translates into sys-
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Figure 3. Vertical profiles of soil properties derived from SoilGrids (black) and remapped onto the ISBA grid (red) for three representative
locations. Each row corresponds to one profile selected to represent low, medium, and high total soil organic carbon content. Columns

show the mass fractions (expressed in %) of sand (fm.,, ), clay (fm,,,, ). and organic carbon (fim,.), as well as the dry bulk density (o

clay
expressed in g cm ™). SoilGrids values are provided at six standard horizons while the ISBA values are obtained by vertical interpolation
and extrapolation onto the 14-layer soil discretization as described by equations (8) and (9). The four last two columns present the apparent
bulk densities of mineral domain (ps,,. in g cm™>) and organic matter (ps,,, in g cm™ ), the volumetric fraction of organic matter ( f,,,, in
m® m™3), and the soil porosity (wsqt in m® m™3) profiles calculated for the three experiments CTL (blue), DE16 (green), DE25 (red), and

DE25c¢ (magenta).
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tematically larger f,,_  than in DE25, with a stronger effect in clay-rich horizons. This is consistent with the fact that a denser

mineral domain implies a larger inferred organic volumetric contribution for a given bulk density.

The rightmost column in Figure 3 shows the total soil porosity, wsg:, resulting from the four parameterizations. In the
CTL experiment, soils are purely mineral and wg,; follows the texture-driven PTF of Cosby et al. (1984), leading to weak
variations with depth and only modest differences between the three profiles. In all mineral-organic mixture experiments, wgq¢
is obtained through an arithmetic mixing of mineral and organic porosities weighted by f,,, , so that organic-rich horizons
exhibit higher porosity than CTL and ws,; decreases with depth as the influence of organic matter weakens. DE16 exhibits
the largest increase in wg,; in the presence of SOC, whereas DE25 produces more moderate values that remain closer to

mineral porosity at depth. In DE16, the increase is amplified by the prescribed low near-surface p;_ ., which boosts f,, . Itis

further enhanced by the high prescribed value of ws,+,,, (Table 1). This behavior is consistent with the site-scale evaluation
against observed total porosity (Figure 2) and with the results reported in Decharme (2025). When mineral compaction is
included (DE25c), the reduction of mineral porosity lowers w,; relative to DE25, especially in fine-textured and organic-poor
horizons, while the contrast between organic-rich surface layers and mineral-dominated deeper layers remains similar. For
the highly organic profile (bottom row in Figure 3), DE25 and DE25c yield w,,; values that remain close to CTL, which is
difficult to reconcile with the high porosities typically associated with peat horizons (Boelter, 1968, 1969; Liu and Lennartz,
2019). This is consistent with the limitations discussed above for the SoilGrids pair ( fy,,.,0s), since large f,,,, combined

with relatively high p; can lead to high diagnosed p;,_ . . In DE25 and DE25c, the organic porosity decreases linearly as p

om * om

increases (Table 1) using the PTF of Liu and Lennartz (2019). Therefore, high p;_,, implies low organic porosity, which limits

the increase in ws,¢ even under organic-rich conditions.
3.1.3 Global distributions

Figure 4 shifts from the profile-scale perspective of Figure 3 to a global view, showing distributions of vertical profiles over the
upper 2 m of the ISBA soil column for CTL, DE16, DE25, and DE25¢. At each depth, shaded envelopes denote the 10th—90th
percentiles across land grid cells, with solid and dashed lines indicating the median and mean, respectively. Global spatial
patterns of the SoilGrids input variables at five representative depths are shown in Supplementary Figure S3. Globally, soils are
more sand-rich than clay-rich, with sand slightly decreasing and clay increasing downward. The organic carbon mass fraction
decreases sharply with depth in the near-surface layers and shows a strongly right-skewed distribution throughout the profile,
as indicated by mean values exceeding the median. This reflects the presence of organic-rich hotspots with very high f,. .,
mainly located in boreal peatlands, permafrost-affected landscapes, and parts of the humid tropics (Supplementary Figure S3).
Bulk density p, shows an opposite vertical tendency to f,, .. A pronounced near-surface asymmetry, with mean values lower
than the median. This indicates a few grid cells with particularly low surface p;, coinciding with organic-rich hotspots. With
depth, the mean and median converge, the distribution becomes less skewed and more spatially homogeneous, and p;, remains
high nearly everywhere (Supplementary Figure S3). Together with the profile-scale analysis in Figure 3, this persistence of

high py at depth in organic-rich regions supports the presence of inconsistencies in the SoilGrids (fy,,.,ps) pair.
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Figure 4. Global distributions of vertical profiles over the upper 2 m of the ISBA soil column, showing SoilGrids parameters (f,

clay?

Jmsanas fmoe» and pp), the derived phase-specific bulk densities (pv,,, ., 05,,,» and ps,,, ), and hydrological and thermal variables diagnosed
in CTL, DE16, DE25, and DE25c. At each depth (positive downward), shaded envelopes indicate the 10th to 90th percentiles across land

grid cells, solid lines show the median, and dashed lines show the mean. Variable definitions are provided in Figure 3 and Table B1.

The mineral-phase bulk density p;_ , diagnosed from Equation (1), is systematically higher than the total bulk density pp,

while the organic-phase density p;,, is systematically lower, as expected for a two-domain mixture in which a low-density
organic fraction lowers p;, relative to the mineral phase. This provides an internal consistency check for the DE25 approach
based on the soil mixture theory. p, . shows weak vertical variations and limited spatial variability (Supplementary Figure S4).
This reflects its dependence on moderately variable mineral solid-phase densities (Ruehlmann, 2020; Decharme, 2025) and on
the limited variability of mineral saturated porosity from the Cosby et al. (1984) PTF, as shown by the CTL wy,, distribution.
The mineral compaction adjustment (DE25c¢) shifts py  to higher values and the spread increases slightly compared to py,, ..

This enhanced variability arises from texture-dependent contrasts in mineral compaction, with fine-textured regions with low

sand fractions exhibiting the strongest adjustments, as shown by the lowest compactness ratios, ps,,./pj  (Supplementary
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Figure S4). Averaged over land, this ratio remains close to 0.87 across depths, corresponding to an average mineral-phase
densification of about 13%, consistent in order of magnitude with reported optimum degrees of compactness (Hakansson,
1990; Héakansson and Lipiec, 2000; Keller and Hakansson, 2010).

The spatial volumetric signature of organic matter primarily reflects the latitudinal imprint of SoilGrids fy,, ., with f,_
maxima at high northern latitudes (Supplementary Figure S5). Following the mechanisms described in Figure 3, its amplitude
and vertical decay are modulated by the p;_, spatial distribution and vertical profiles, which differ across parameterizations.
In DE16, py,,, is prescribed as an idealized depth-dependent profile and therefore shows no spatial variability. This reflects the
empirical, non data-driven nature of the formulation. It yields very high near-surface f, . and a sharp decrease with depth,
together with a broad 10th—90th percentile envelope consistent with persistent localized organic-rich hotspots (Supplementary

Figure S5). In DE25, py,,, is comparatively high, which reduces f,, . Its mean increases from about 370 kg m~3 near the

surface to nearly 570 kg m~2 at depth, above the ~260 kg m~3 reference value derived by applying the mixing theory to
companion in situ observations (Decharme, 2025). This difference mainly reflects very low f,,,_ . conditions over large regions,

where Equation (2) may become ill-conditioned and constrain p;__ to its upper bound, with negligible impact on bulk prop-

erties because organic mass fractions are vanishingly small. The compaction adjustment in DE25c shifts p,,,, downward and
reduces spatial extremes through weaker activation of the correction in Equation (3), yielding a mean profile of ~250 kg m—3
closer to the expected range. As a result, f,,  is slightly higher than in DE25, while its spatial imprint remains largely un-
changed. In permafrost-affected landscapes, inconsistencies in the SoilGrids (f,,,, p») pair, with high f,, . and relatively
large py at depth, yield large diagnosed py,,, values in both DE25 and DE25c. As a result, the SOM volumetric imprint van-
ishes with depth in regions where a more persistent volumetric signature of organic matter would be expected (Supplementary

Figure S5).

We now examine on Figure 4 the response of soil hydrothermal parameters. In pure mineral soil (CTL), the profiles are
weakly variable in space and with depth, consistent with PTFs driven by mineral texture only. Accounting for organic matter
mainly increases near surface heterogeneity and introduces clearer vertical gradients. The bulk soil porosity wg,; and the
available water capacity defined as AW C' = w . —w; increase in the upper layers over organic rich regions (Supplementary
Figure S6 and S7) and their distributions widen, while deeper layers tend to remain closer to CTL. The response of the
retention parameters b and 14, is difficult to generalize because it differs strongly across parameterizations (Supplementary
Figure S8 and S9), whereas the saturated hydraulic conductivity ks,; shows a more systematic vertical structure, increasing
in the upper organic-influenced horizons and becoming lower than CTL in deeper mineral-dominated layers (Supplementary
Figure S10). The bulk soil volumetric heat capacity becomes more moisture dependent, with lower values in dry conditions
and higher values in wet conditions, mainly near the surface over organic-rich regions (Supplementary Figures S11 and S12).
Thermal conductivities decrease across most regions and depths regardless of moisture regime (Supplementary Figures S13

and S14), consistent with the insulating effect of SOM.

DE16 yields the highest near-surface w,,; and the broadest global distributions. DE25 shows a more moderate and spatially

smoother response. The wg,; increase is mainly confined to the near surface and relaxes rapidly toward mineral-like values
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with depth. These behaviors are consistent with the previously identified contrasts in pp,, and f,,,, which modulate the
computed ws,; through the porosity mixing rule. For retention parameters, DE16 produces strong vertical structures with
very low near-surface b and 14,4, that increase with depth. DE25 shows a more moderate, spatially homogeneous response.
b remains close to CTL, with only a slight shift toward lower values. 154, responds more strongly and with opposite sign to
DE16, with more negative near-surface values over organic-rich regions that relax toward mineral-like values with depth. This
contrast illustrates the uncertainty associated with empirical SOC-based parameterizations such as DE16. Finally, the mineral
compaction adjustment (DE25c) has secondary global effects. It reduces mineral porosity and can locally yield lower wg,; than
CTL in organic-poor regions with low sand fractions and higher fine-particle contents. It also modifies retention parameters,
with a small effect on b and a stronger effect on 154, owing to the larger exponent in Equation 6b than in Equation 6a. As a
result, AWC is slightly higher than in DE25 because these compaction-driven changes affect w,,;; more than wy.. kg4 is also
reduced relative to DE25 through the mineral adjustment in Equation 7. The decrease is modest near the surface and larger in
the deepest layer, indicating that mineral compaction mainly limits saturated conductivity in fine-textured, organic-poor deep
horizons while preserving the large-scale pattern of SOM-driven regional contrasts. The impact of DE25c remains globally

secondary for thermal diagnostics, but it can locally increase thermal conductivities in low-sand, low-SOC regions.
3.2 Land surface hydrological impacts

These changes in soil parameters induced by mineral-organic mixing translate into systematic shifts in simulated soil water
storage, which we quantify using the soil total water content wgy;o¢. Figure 5 shows 1979-2010 climatologies of wg¢o at five
depths and the corresponding anomalies relative to CTL for DE16, DE25, and DE25c¢. In purely mineral soils (CTL), wg¢ot
generally increases with depth, consistent with a larger contribution of fine-textured horizons in deeper layers (Figure 4).
All mineral-organic mixture experiments increase wgqto; Over most regions, with the strongest response in shallow layers of
organic-rich areas. These results indicate that accounting for SOC modifies the mean water storage along the soil column.
Despite different parameterization approaches, empirical for DE16 and physically constrained for DE25, both configurations
produce broadly similar spatial patterns of change, but they differ in their vertical contrast. In organic-rich regions, DE16
increases wg¢o¢ preferentially in deeper layers, whereas DE25 enhances wg¢o¢ mainly in near-surface layers. This contrast is
more clearly highlighted by the saturation degree Ssq¢ = Wgtot /Wsaqt (Supplementary Figure S15). Under DE16, S, strongly
decreases in the upper soil layers even though wg,; increases. This response indicates that the mean hydric state of the soil
remains relatively far from saturation despite an increased storage capacity. It is consistent with very low 4., and high kg,
(and, to a lesser extent, lower b), which shift the retention curve toward lower effective saturations and facilitate gravitational
drainage, thereby limiting the increase of wg;; in the upper layers in the 1979-2010 climatology. In contrast, under DE25,
higher wg,; in the upper soil layers is accompanied by higher S,,:, which corresponds to the expected behavior of a soil
enriched in organic matter relative to a mineral soil. This indicates a stronger adjustment of wg.¢ toward higher water contents,
consistent with higher values of 154, that enhance retention and compensate for the effect of near-surface elevated k4, while

b is only weakly affected. Finally, the mineral compaction adjustment (DE25¢) tends to slightly reduce wg¢+ relative to DE25
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Figure 5. Global distributions of the ISBA soil total water content, wg¢ot (m3 m’g), averaged over the 1979-2010 period, and shown at five
representative depths of the soil profile (0.5, 7, 50, 90, and 175 cm). The first column shows wg¢¢ in the mineral control experiment (CTL).

The three other columns show differences relative to CTL, Awgtor = Wy — wgotff , for DE16, DE25, and DE25c. For each map, the inset

reports the spatial mean Z and standard deviation o over land points for the corresponding experiment (not for the differences). Gray-shaded

regions indicate grid points where soil moisture is no longer simulated at the corresponding depth in ISBA due to shallower soil columns.

in regions poor in organic matter, consistent with an increase in AW C compared to DE25 and with a slight increase in

evapotranspiration, as discussed in the following section.

At the global scale, no observational product provides a direct evaluation of soil water content across individual layers. We
therefore evaluate the integrated response of each experiment using monthly terrestrial water storage variations ATW .S from
GRACE, which reflect changes across all continental water reservoirs. Figure 6 compares the 2002-2010 seasonal climatology
of ATW S estimated from GRACE with those simulated by ISBA-CTRIP, computed as the sum of variations in snowpack,
canopy water, total soil moisture, river water storage, floodplains, and groundwater reservoirs. Across all configurations, the
seasonal AT'W S patterns are broadly consistent with GRACE, but spatial skill scores highlight differences among experiments.
Relative to CTL, DE16 slightly degrades the spatial scores in all seasons, whereas DE25 and DE25c are comparable to CTL
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Figure 6. Seasonal terrestrial water storage variations (ATWS in cm) estimated from GRACE over 2002-2010 and simulated by CTL, DE16,
DE25, and DE25c. Climatological spatial distributions are shown for December—January—February (DJF), March-April-May (MAM),
June—July—August (JJA), and September—October—November (SON). For each season, the root mean square error (rmse in cm) and the

spatial coefficient of determination (r-?) of each simulation relative to GRACE are reported on the panels.

and show modest improvements in some seasons. This suggests a closer agreement with GRACE for the physically constrained

SOC parameterization based on soil mixture theory than for the empirical formulation used in DE16.

Changes in soil moisture are expected to propagate to integrated surface fluxes through shifts in runoff and evapotranspi-
ration partitioning (Lohmann et al., 2004; Dirmeyer et al., 2006; Decharme and Douville, 2006; Seneviratne et al., 2010;

615 Koster and P. Mahanama, 2012). Continental runoff is evaluated from the comparison between simulated daily discharges
Qsim
Qobs
the model to reproduce mean annual streamflow, with unbiased behavior approaching R = 1. The Nash-Sutcliffe efficiency

Qsim (m3.s71) and observed discharges Qs (m>.s~!). On Figure 7, the annual ratio R = measures the ability of

T ) _ 2
N=1- EXt):Tl(ngm(Z) Qa"‘”(t))g) is computed from daily values and quantifies the reproduction of discharge variability at the
t=1 obs T Wobs
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Figure 7. Comparison between observed and simulated daily river discharges over the 1979-2010 period at 698 gauging stations. Each dot
represents a river gauging station. The first column shows the annual discharge ratio, R, and the daily Nash—Sutcliffe efficiency, N, for the
CTL experiment. The following columns show the differences in these metrics relative to CTL for DE16, DE25, and DE25c, respectively,
using |R — 1] for the discharge ratio panels, which measures the distance to the unbiased value. For each panel, the inset reports the median
and the [10, 90]% interval of the corresponding metric across all stations. In the difference panels, stations are also classified as improved
(pink), neutral (white), or degraded (green) based on their change relative to CTL, and expressed in % of all stations. For | R — 1], a station is
improved when A(|R — 1|) < —0.05, and degraded when A(|R — 1|) > 0.05. For N, a station is improved when AN > 0.1, and degraded
when AN < —0.1.

daily time scale, with positive N indicating acceptable performance and higher values indicating better agreement. The refer-
ence simulation CTL exhibits a large dispersion in both R and [V, reflecting structural model limitations and the difficulty of
representing the diversity of regional hydrological regimes at the global scale. We therefore analyze differences relative to CTL
using | R — 1] to quantify the distance to unbiased mean discharge and allows identification of whether a given parameterization
reduces or amplifies the mean bias. Differences in N scores are also considered to diagnose changes in daily discharge dynam-
ics, where positive values indicate improved skill. The three mineral-organic mixture experiments induce globally moderate
and spatially heterogeneous changes in both metrics, which limits robust ranking from discharge alone. Median scores show
however slight improvements, which indicate a neutral to positive impact on discharge performance. This is supported by the
station classification shown in the legend, which indicates that improved cases in DE16, DE25, and DE25c¢ are of the same

order as near-neutral changes relative to CTL and more frequent than degraded cases.

The evaluation of evapotranspiration against an independent estimate reveals more structured differences among experi-
ments. Figure 8 shows the spatial distribution of the estimate, defined as the mean of three independent products, together with
zonal mean profiles for each experiment and the probability density functions p**™ and p°** computed from all months over

2
L. . . . . . . N o) b5
1982-2010. Distribution shape differences are quantified using the Hellinger distance H = % \/ D oict (\ /pstm — \/pS® ) ,

where p;*™

and p?* denote the discretized probability density functions of simulated and observed evapotranspiration evalu-

3
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Figure 8. Comparison between simulated and estimated land surface evapotranspiration over the 1982-2010 period. This estimate is defined
as the mean of three independent global datasets from the evapoRe v2.04 archive (Rahmati Ziveh et al., 2025). The top row shows : (left)
the global distribution of the annual mean evapotranspiration estimate;(center) the zonal mean comparison between the estimate and the
simulations, with their root mean square error (rmse); and (right) the probability density function of monthly evapotranspiration values over
1982-2010. For the latter, the Hellinger distance (/), measuring differences in distribution shape, and the first-order Wasserstein distance
(W1), measuring differences in distribution magnitude, are reported for each experiment. The following panels show the differences between

simulated evapotranspiration and the estimate for CTL, DE16, DE25, and DE25c, respectively. For each experiment, the spatial bias, spatial

rmse, and spatial coefficient of determination (r2) relative to the estimate are reported.
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ated over common bins. We also use the first-order Wasserstein distance W, (mm.day '), which measures a mean difference
in magnitude and can be interpreted as a displacement of probability mass along the evapotranspiration axis. Wj is computed
from the absolute differences between the cumulative distribution functions of simulated and observed evapotranspiration,
summed over all bins and weighted by the mean bin width. Figure 8 also reports maps of simulated minus estimated evapotran-
spiration and spatial metrics including bias, RMSE, and the spatial coefficient of determination r2. All experiments reproduce
the main spatial structures and the global distribution. DE16 shows slightly lower performance than CTL, and especially than
DE25 and DE25c, in both spatial error metrics and distribution distances. DE25 and DE25c bring the simulations closer to
the estimate in mean values, zonal structure, and monthly distribution. This suggests that the empirical formulation of DE16,
while operational, does not fully capture the control exerted by SOM on evapotranspiration fluxes, whereas the DE25 and
DE25c physically-based approaches provide a more consistent response. For all experiments, the p*"" exhibits a simulated
peak slightly below 3 mm.day~!, while the p°®® maximum lies between 3 and 4 mm.day ', which indicates an underestima-
tion of high evapotranspiration values. This feature is consistent with an underestimation of evapotranspiration in the tropics,
particularly over the Maritime Continent (Indonesia). DE25 and DE25c slightly reduce this bias by increasing evapotranspira-
tion in several tropical regions, thereby partially shifting the monthly distribution toward the estimate. This increase remains
limited over the core of major tropical forest regions, including the Amazon, the Congo basin, and Indonesia. The lack of
response over the forest cores, visible in Figure 9, is consistent with the near-saturated soil moisture conditions shown in Fig-
ure 5, under which AW C exerts little control on transpiration because soil water is not limiting. In contrast, a clearer response
is found along the margins of forested regions, where soil moisture departs more from saturation and changes in hydrodynamic
properties can affect water stress. In this interpretation, the residual evapotranspiration bias, and part of the persistent shift of
sim

the p**""*, are more consistent with limitations in the representation of tropical forest transpiration and phenology in ISBA than

with a purely hydric constraint controlled by soil parameters.

Total runoff

Evapotranspiration

-0.05 -0.01 0.01 0.05
mm day~? A (mm day™)

Figure 9. Comparison of simulated continental runoff and evapotranspiration climatologies expressed in mm.day ! over the 1979-2010
period. The first column shows the annual mean total runoff (top row) and evapotranspiration (bottom row) for the CTL experiment. The
following columns show the differences relative to CTL for DE16, DE25, and DE25c, respectively. For each map, the inset reports the spatial

mean 7 and standard deviation ¢ over land points for the corresponding experiment (not for the differences).
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Figure 9 synthesizes the impact of the three mineral-organic mixture parameterizations on surface hydrological fluxes by
comparing climatologies of total runoff and evapotranspiration. At the global scale, all simulations display coherent spatial
patterns and similar statistics. This indicates that changes in soil properties induced by mineral-organic mixing do not alter
the continental water balance but primarily affect flux partitioning. Differences relative to CTL are dominated by regional
signals and show spatial compensation between evapotranspiration and total runoff, which is a well-known feature of the
terrestrial water balance. DE16 exhibits a large-scale dipole, with increased total runoff and decreased evapotranspiration over
the mid and high latitudes of the Northern Hemisphere. Across much of the remaining land area, the response is weaker and
of opposite sign. This dipole explains the degraded evapotranspiration scores in Figure 8, reflecting low evapotranspiration
over northern mid and high latitudes and an insufficient increase in the tropics. In DE25 and DE25c, this feature is absent, and
differences relative to CTL are more regionally structured, with pronounced signals in hydroclimatic transition zones and along
the margins of humid tropical regions. This behavior is consistent with the increase in AW C' and the associated changes in soil
water dynamics discussed in previous sections, and with improved agreement with independent evapotranspiration estimates.
The differences due to the compaction adjustment remain second order at the global scale, with DE25c preserving the spatial
structures induced by DE25 while slightly attenuating or locally enhancing amplitudes depending on the region. This indicates

that the adjustment has a localized effect, which mainly modulates amplitudes without altering the spatial patterns.
3.3 Land surface thermal impacts

We next assess the thermal impacts of the three mineral-organic mixture parameterizations by analyzing their effects on
simulated soil temperature. Figure 10, in direct analogy with Figure 5 for soil moisture, presents the CTL climatological soil
temperature and differences relative to CTL for DE16, DE25, and DE25c at several soil depths. In CTL, soil temperature
shows the expected latitudinal gradients, with warmer tropical and cooler high-latitude conditions, and temperature contrasts
progressively attenuate with depth. Relative to CTL, all mineral-organic mixture parameterizations cool the soil column over
large continental areas, with the largest anomalies in the upper layers and a gradual weakening with depth. This vertical decay
indicates that the response is driven by near-surface processes, in line with the influence of near-surface wg,; and organic
matter on effective thermal properties. The cooling aligns with both the increase in wg.¢ (Figure 5) and the widespread decrease
in soil thermal conductivity (Supplementary Figures S13 and S14) induced by mineral-organic mixing, thereby limiting heat
transfer within the soil column. Among the three mineral-organic mixture experiments, soil temperature responses are broadly
similar. Differences between DE16 and DE25 remain modest compared with the contrast found for wg¢.¢, but DE16 shows
locally stronger cooling at depth in organic-rich regions. This is consistent with higher near-surface f,,_ and wsq, which are
associated with lower effective soil thermal conductivity and can further limit downward heat transfer. Differences between
DE?25 and DE25c remain subtle and second order, with similar regional structures and slightly stronger cooling in DE25c, in

line with a moderately higher f,,__ leading to slightly lower soil thermal conductivity.

To compare these simulated temperature responses with an independent large-scale constraint, we evaluate near-surface

soil temperature against the climatological product of Lembrechts et al. (2022). Figure 11 compares 1979-2010 simulated
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Figure 10. As in Figure 5, but for the simulated soil temperature (°C).

near-surface soil temperature with this estimate using spatial patterns, zonal means, and probability density functions derived
from all monthly values, together with distribution-based metrics and spatial scores. All simulations reproduce the large-scale
spatial organization and show high spatial correlation with the estimate, but they exhibit a systematic warm bias at the global
scale. This bias is strongest over tropical land regions, while cold biases occur at high northern latitudes and over some deserts,
including the Sahara and the Rub’ al Khali desert. The probability density functions reflect these patterns. They show an
over-representation of very cold temperatures below about —10°C, a warm-mode peak near 26°C in the simulations compared
with about 23°C in the estimate, and an under-representation of moderate temperatures between 0 and 10°C. Despite possible
uncertainties in atmospheric forcing, especially air temperature and incident radiation, and in the reconstructed temperature
estimate, several processes can contribute to these biases. In the tropics, underestimated evapotranspiration and a limited forest
insulation effect in the vegetation energy balance can contribute to the warm bias. Over deserts, a surface albedo that is too high
is a plausible contribution. Over high northern latitudes, the cold bias is consistent with insufficient soil thermal insulation under
snow cover (Wang et al., 2016; Burke et al., 2020). The three mineral-organic mixture experiments reduce the global warm

bias relative to CTL. This reduction is modest but spatially coherent, and spatial correlation remains high and comparable
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Figure 11. As in Figure 8, but for the comparison between simulated and estimated near-surface soil temperature (°C) at 0-5 cm depth over

the 1979-2010 period. The estimate corresponds to the climatological product of Lembrechts et al. (2022).

across experiments. DE16 slightly degrades the spatial RMSE, whereas DE25 and DE25c remain comparable to CTL. A
consistent behavior is found for the zonal-mean profiles, where DE16 increases the RMSE, while DE25 and DE25c show
a clearer reduction. The probability density functions further indicate reduced distribution distances for all mineral-organic
mixture simulations. W7 decreases from CTL to DE16 and further to DE25 and DE25c, while H remains unchanged from
705 CTL to DE16 and decreases for DE25 and DE25c. For DE25 and DE25c, the joint decrease in W7 and H indicates closer

agreement with the reference distribution in both overall magnitude (i.e., reduced shifts in typical values) and distribution
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shape. Differences between DE25 and DE25c remain small, but they are more pronounced for near-surface soil temperature
than for the hydrological fluxes. This indicates that the compaction adjustment can slightly modulate soil thermal amplitude
without altering the overall structure, while as discussed above, SOM-related modifications of soil thermal properties dominate

the temperature response.
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Figure 12. Comparison of simulated annual active-layer thickness (ALT, m) for the CTL, DE16, DE25, and DE25c experiments. The
upper panels show the climatological ALT for each experiment, with circles indicating CALM observation sites and their observed mean
ALT. Reported values correspond to the spatial mean ALT, as well as the mean bias and the root-mean-square-error (rmse) relative to
CALM observations. Red contours indicate the permafrost extent derived from the Circum-Arctic permafrost and ground ice map (Brown
et al., 2002). The lower panels show differences in ALT relative to CTL for DE16, DE25, and DE25c. The Taylor diagram summarizes the
agreement between simulated and observed ALT across CALM sites using correlation (r), standard deviation (o), and centered root-mean-

square difference (concentric dotted circles).

To complement this near-surface evaluation with a constraint on deeper seasonal heat propagation, we assess simulated
annual active-layer thickness (ALT) against CALM observations (Figure 12). The upper panels show that all simulations
reproduce the expected large-scale gradients, with shallow ALT in the coldest Arctic regions and deeper ALT toward the
margins of the permafrost domain. Red contours indicate permafrost extent, and maximum ALT values are logically found near
this boundary, where summer warming and surface conditions favor deeper seasonal thaw. CALM sites highlight this regional
variability and exhibit a substantial spread across locations. In CTL, the mean ALT is 2.24 m with a positive mean bias of
+0.93 m relative to CALM, indicating an overly deep simulated active layer. This overestimation is consistent with thermal

insulation that is too weak under permafrost conditions when soils are represented as purely mineral. The three mineral-organic
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mixture experiments systematically reduce ALT and therefore the mean bias. This reduction is strongest in DE16 and more
moderate in DE25 and DE25c. The difference maps confirm that these corrections occur through predominantly negative ALT
anomalies relative to CTL, which reflect reduced summer thaw penetration into the soil. This behavior is consistent with
cooling of the soil thermal profile and lower effective thermal conductivity when organic matter is represented. Differences
between DE25 and DE25c¢ remain small and spatially coherent, with nearly identical regional patterns. Finally, the Taylor
diagram summarizes agreement with CALM across sites using spatial correlation r, standard deviation o, and centered root-
mean-square difference. CTL exhibits a large dispersion and departs substantially from the CALM reference. DE16 reduces
the mean bias most strongly, but it performs less well than DE25 and DE25¢ in terms of spatial structure, which shows that
bias reduction does not necessarily translate into improved inter-site contrasts. As expected, the close proximity of DE25 and

DE25c indicates that the compaction adjustment remains secondary also for ALT.

4 Discussion

The main contribution of this study is to show, using global diagnostics, that explicitly representing the SOM phase within
soil mixture theory (e.g., Decharme, 2025) yields hydrological and thermal properties that are physically coherent in LSM.
Introducing organic matter and bulk density effects increases soil porosity and AW C, with the strongest signal in SOC-rich
regions, notably at high northern latitudes and in several tropical areas (Figure 4 and Supplementary Figures S6 to S10). This
behavior is in line with observational and synthesis studies linking SOM to bulk density, porosity, and water retention (Boelter,
1968; Hudson, 1994; Huntington, 2003; Rawls et al., 2003; Liu et al., 2022). It is accompanied by a thermal response with lower
thermal conductivity and higher bulk volumetric heat capacity under wet conditions, as suggested by global distributions and
vertical profiles (Figure 4 and Supplementary Figures S11 to S14). These findings align with earlier modeling and observational
studies showing that SOM affect thermal regimes mainly through thermal conductivity and its moisture dependence (Lawrence
and Slater, 2008; Dankers et al., 2011; Decharme et al., 2016; Chen et al., 2012, 2016; Guimberteau et al., 2018; Zhang et al.,
2021; Sun et al., 2021; Cuynet et al., 2025; Gaillard et al., 2025).

The results further suggest that the DE25 configuration modifies the coupled hydrothermal behavior relative to CTL by shift-
ing mean soil moisture (Figure 5) and saturation proximity (Supplementary Figure S15), which affects storage and transport
within the soil column. These changes translate into modest and spatially coherent improvements across large-scale hydro-
logical benchmarks, including ATW S against GRACE (Figure 6), river discharge (Figure 7), and evapotranspiration esti-
mates (Figure 8). The associated flux response includes increased evapotranspiration and a modified partitioning between
evapotranspiration and runoff (Figure 9), in line with the increase in AW C' induced by mineral-organic mixing. Through
moisture-dependent heat transfer, DE25 also produces cooler soil temperature profiles (Figure 10) and improves agreement
with near-surface constraints (Figure 11), while increasing the buffering of seasonal temperature variations without ad hoc
tuning of thermal parameters. These coupled effects have implications for the representation of SOC-rich cold regions. DE25
reduces the active-layer thickness bias relative to CALM (Figure 12), consistent with reduced seasonal thaw penetration driven

by coupled changes in soil moisture and heat transfer. These results support the view that improvements arise from coupled
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soil hydrology and heat transfer rather than from isolated changes in dry thermal parameters, which is relevant for cold-region
processes and permafrost sensitivity in land surface and climate models (Matthes et al., 2025; Lawrence et al., 2012; Dankers
et al., 2011; Chadburn et al., 2015; Decharme et al., 2016; Sun et al., 2021; Chadburn et al., 2022).

Comparisons between DE16 and DE25 highlight behaviors that reflect their underlying assumptions. DE16 relies on an
empirical relationship between SOC and effective soil properties, which leads to a more contrasted hydrological response
with limited benefit and occasional degradation relative to CTL in comparisons with observations or independent estimates. Its
thermal response is more acceptable, which suggests that the effect on thermal conductivity induced by mineral-organic mixing
is captured more directly than the associated hydrodynamic adjustments. In DE25, the soil mixture framework produces more
homogeneous large-scale patterns and more stable relationships between bulk density, porosity, soil water content, and thermal
properties, which translates into modest but more consistently positive changes in skill metrics. This contrast between DE16 and
DE?2S5 suggest that coherent global signals are primarily driven by explicit physical mechanisms, whereas empirical approaches
tend to locally amplify contrasts and provide less consistent improvements. The emergence of these coherent relationships at
the global scale across diverse climates and soil types supports the robustness of the soil mixture theory, which can provide an
operational framework for representing effective soil properties in LSMs across a broad range of SOC conditions. Our study
extends earlier efforts to represent SOM effects in global LSMs, from empirical schemes to more physically based formulations
(Letts et al., 2000; Lawrence and Slater, 2008; Dankers et al., 2011; Chen et al., 2016; Chadburn et al., 2015; Decharme et al.,
2016; Guimberteau et al., 2018; Gaillard et al., 2025; Chadburn et al., 2022; Cuynet et al., 2025).

We also examine here how a mineral soil compaction adjustment within the soil mixture framework (DE25c) affects simu-
lated soil structural properties and their downstream hydrothermal effects. CTL derives mineral porosity from the Cosby et al.
(1984) pedotransfer formulation and does not explicitly represent mineral compaction or the structural impact of high organic
matter, which limits its ability to reproduce observed porosity patterns (Decharme, 2025). Through a physically based repre-
sentation of organic matter, DE25 broadens the range of effective porosity in SOC-rich soils, while DE25c further refines the
mineral component through a compaction adjustment. This adjustment mainly improves agreement with porosity observational
constraints under organic-poor conditions where mineral properties dominate (Figure 2), while its leverage is limited in SOC-
rich environments where pore space is controlled by the organic phase. Consistently, DE25 and DE25c¢ remain very similar
across soil moisture, surface flux, and soil temperature diagnostics, which suggests a secondary influence of the compaction
adjustment on the simulated large-scale hydrothermal response. The compaction adjustment therefore acts primarily as a local
refinement that modulates amplitudes through modest shifts in mineral pore space and associated hydraulic properties, without

altering the main spatial patterns set by the explicit representation of SOM-driven processes.

Finally, an important source of uncertainty arises from the datasets used to prescribe f,,, . and p, at the global scale. In
SoilGrids, a machine-learning product trained largely on WoSIS soil profile observations (Batjes et al., 2017, 2024), soil
properties seem to be predicted by separate statistical models, and no explicit physical constraint enforces consistency between
fm,. and py at prediction time. This limitation is most consequential in organic-rich soils, where high SOC content is expected

to strongly reduce p; (Boelter, 1969; Rawls et al., 2003; De Vos et al., 2005). Figure 13 illustrates this issue by comparing
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Figure 13. Comparison of SoilGrids and WoSIS vertical profiles of soil bulk density (ps) as a function of depth for four classes of organic
matter content: low SOC (fimoc < 3%), medium SOC (3% < finmoe < 10%), high SOC (10% < finoe < 30%), and peat (fimoc > 30%).
WoSIS (World Soil Information Service) is a global database of in situ soil profile observations maintained by International Soil Reference
and Information Centre (ISRIC), compiling measured soil properties from multiple sources and regions worldwide, and constitutes the main
observational reference for global soil mapping. Profiles are shown for SoilGrids in red and for WoSIS in black. As in Figure 4, solid lines

indicate median profiles, dashed lines indicate mean profiles, and shaded envelopes represent the 10th to 90th percentiles within each SOC

class.

SoilGrids and WoSIS vertical profiles of p; across f,,, classes. While both datasets show comparable p;, ranges in low-SOC
soils, divergence increases with f,, ., and SoilGrids tends to maintain higher p;, than WoSIS in the highest f,, . classes,
suggesting a high bias in p;, under high-SOC conditions. Related limitations have been reported for SoilGrids p; estimates
in organic-rich and high-latitude regions, where p; uncertainties affect carbon stock estimates (Tifafi et al., 2018). Fan et al.
(2020) similarly reported large p;, biases under high f,,, . conditions and applied an empirical adjustment in grid cells exceeding
approximately 8% organic matter. This correction underscores the difficulty of jointly constraining f,, , and p; using global
statistical products. Because DE25 explicitly combines f,, . and p;, to constrain mineral and organic phase properties, such
inconsistencies can propagate into simulated porosity, water storage, and hydrothermal behavior, particularly where organic
soils dominate the near-surface response. This sensitivity does not challenge the soil mixture formulation itself, but it delineates

its dependence on the quality and internal consistency of input datasets.

5 Conclusions and perspectives

This companion study evaluates, at the global scale, the land surface implications of the process-based modeling of SOM

physical properties introduced in Decharme (2025). When implemented in ISBA-CTRIP and driven by a standard global soil
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dataset, organic phase properties derived from density-based PTFs (Table 1) and embedded in soil mixture theory provide a
consistent set of structural, hydraulic, and thermal properties across soil horizons. This internal consistency yields coherent
coupled hydrothermal responses across soils spanning a wide range of SOM contents. It leads to modest but systematic im-
provements in independent large-scale benchmarks of the terrestrial water and energy cycles, while preserving the main spatial
organization of simulated fields. The study also indicates that previous SOC-based parameterizations relying on empirical rela-
tionships to represent SOM physical properties, while operational, do not fully capture the control exerted by SOM on coupled
soil hydrothermal processes. A second objective was to assess the added value of representing mineral soil compaction as an
adjustment embedded within the same mixture framework. Porosity diagnostics indicate that this adjustment primarily refines
mineral-dominated soil structure by shifting mineral pore space toward observational constraints. In the global simulations, its
influence remains however secondary relative to the dominant contribution of SOM-related mechanisms. The close similarity
of simulated soil moisture, surface fluxes, and soil temperature with and without mineral compaction adjustments supports the
view that this correction mainly acts as a local modulator. It operates through modest changes in mineral hydraulic properties
that can slightly redistribute water and indirectly affect moisture-dependent heat transfer, while preserving the main spatial

structures of the SOM-driven response.

These conclusions must be interpreted in light of input-data uncertainties. Because the mixture framework derives effective
soil properties from f,,_ ., pp, and texture, errors or inconsistencies in these inputs can propagate into the inferred organic
volumetric fraction and effective density. This propagation can affect derived porosity, water storage capacity, and moisture-
dependent thermal properties, and ultimately alter the simulated soil hydrothermal response. This sensitivity motivates an
explicit characterization of uncertainty propagation. Quantifying how plausible uncertainties in f,,_ _ and p; translate into
ranges of effective properties and associated hydrothermal fluxes at regional and global scales would provide clearer confi-
dence bounds on simulated soil moisture, surface energy partitioning, and cold-region diagnostics. It would also help prioritize
observational efforts toward the most influential parameters. A practical way to support this effort is to conduct parallel simu-
lations based on alternative global soil products in addition to SoilGrids, such as HWSD v2.0 (FAO and IIASA, 2023), or other
recent datasets and harmonization approaches (e.g. Dai et al., 2019). In this study, a prominent source of uncertainty appears
to be the internal inconsistency of the SoilGrids pair ( f,,,,_, p») under organic-rich conditions. Because pj strongly constrains
pore space and volumetric organic fraction, such inconsistencies can have first-order implications for effective soil properties
and the resulting hydrothermal response. This issue is especially relevant across northern high latitudes, where cold-season soil
temperature and thaw dynamics control permafrost stability. In this context, the use of corrected SoilGrids bulk density fields,

as for instance proposed by Fan et al. (2020), appears to be a priority avenue for future sensitivity analyses.

As emphasized in the companion theoretical study, an important perspective is to extend the same physically constrained
logic to alternative hydraulic formulations. In this context, revisiting the calibration of the continuous pedotransfer functions
proposed by Wosten et al. (1999) appears promising. Decharme (2025) showed that this approach can reproduce European-
scale porosity patterns and implicitly captures part of the strong coupling between SOC and bulk density, although further

improvements are needed for highly organic soils. Recalibrating these continuous PTFs would offer two practical advantages.
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First, it could reduce the need for an explicit empirical mineral soil compaction adjustment by representing compaction-related
effects more intrinsically within the hydraulic parameterization. Second, it would facilitate transferring the present framework
to LSMs that rely on the closed-form van Genuchten (1980) relationships, rather than the Brooks and Corey (1964) formu-
lation, to link soil moisture, matric potential, and hydraulic conductivity. A complementary perspective is to combine these
continuous PTFs or the Decharme (2025) mixture-based framework with a representation of coarse fragments. Accounting
for the volumetric fraction of rock fragments and their effects on pore space and effective transport properties would further
improve the realism of soil hydraulic and thermal behavior in LSMs, especially in regions where coarse materials contribute
substantially to soil structure (Tokunaga et al., 2002; Nufiez-Gonzélez et al., 2016; Pan et al., 2017). Another important per-
spective is to clarify how mixture-based diagnostics can interface with interactive soil carbon schemes. Ensuring consistency
between soil physical properties and dynamically evolving carbon pools, without introducing circular dependencies between
prognostic state variables and derived parameters, remains a key challenge. Addressing this issue would be a necessary step

toward more integrated representations of soil structure, hydrology, and biogeochemistry in Earth system models.

Finally, while the robustness of the hydrothermal signals identified in this study should be further assessed under alternative
meteorological forcings, as is common practice in LSM evaluations and associated uncertainty assessments (Decharme et al.,
2019; Lawrence et al., 2019; Hardouin et al., 2022), it is also essential to test the proposed framework within fully coupled
climate simulations. Extending the evaluation to coupled configurations would allow the assessment of two-way feedbacks
that cannot be captured offline, including how changes in soil moisture and surface energy partitioning affect boundary-layer
conditions, precipitation recycling, and the persistence of temperature and moisture anomalies (e.g. Decharme and Colin,
2025). This perspective is particularly relevant for cold-region applications. In permafrost environments, small shifts in the
seasonal ground heat budget, snow-free season evapotranspiration, or soil moisture regimes can influence soil temperature
profiles and thaw dynamics, with potential consequences for land—atmosphere coupling at seasonal to interannual timescales
(Ardilouze and Boone, 2024). Coupled experiments would therefore provide a more complete test of whether the improvements
in soil hydrothermal consistency obtained with the Decharme (2025) approach translate into more robust simulations of near-

surface climate and permafrost-related diagnostics, including active layer thickness and its sensitivity to climate variability.

Code and data availability. ISBA-CTRIP is embedded in the software SURFEX v9.0 available from the CNRM open-source website https:
/lopensource.umr-cnrm.fr or https://www.umr-cnrm.fr/surfex/spip.php?article387 under the CeCILL Free Software License Agreement v1.0.
Versions including the DE16, DE25 and DE25c experiments are available in Decharme (2026) via Zenodo at https://doi.org/10.5281/zenodo.

18619418. Data used for the figures are also provided on the Zenodo deposit.
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Appendix A: ISBA thermal properties
Al Soil heat transfer

Soil heat transfer in ISBA, as in many LSMs, is typically described by the one-dimensional heat diffusion equation derived
from Fourier’s law:

or o oT
Csoila - @ ()\soilaz) (Al)

where Cl,;; is the volumetric heat capacity of the bulk soil (J m™3 K—1), A, the bulk thermal conductivity (W m~! K1),
T the soil temperature (K), ¢ the time (s), and 2 the soil depth (m). The volumetric heat capacity is calculated as the weighted

average of the heat capacities of the dry solid matrix, liquid water, and ice, neglecting air:
Csoil - Csv + Cw + Cz (Az)

where C;,, C,, and C; (J m~3 K~1) are the volumetric heat capacities of the dry solid matrix, water and ice, respectively.

Water and ice have a strong influence on Cj,;; because they can store heat within the soil pores, while air is neglected due to
its negligible volumetric heat capacity. Accordingly, C\, = ¢y pw wi and C; = ¢; p; w; represent the contributions from liquid
water and ice, where c¢,, and ¢; (J .kg_l.K_l) are their specific heat capacities, p,, and p; (kg m~3) their densities, and w;
and w; (m3.m™3) their volumetric contents. Usually, C,,; is expressed as a mixture of organic and mineral domains. Previous
parameterizations used the volumetric fraction of organic matter in the bulk soil to weight the mixture (Lawrence and Slater,
2008; Dankers et al., 2011; Chen et al., 2012; Chadburn et al., 2015; Decharme et al., 2016; Chen et al., 2016; Guimberteau
etal., 2018; Sun et al., 2021), whereas recent approaches have shown that the volumetric fraction of organic matter in the solid

phase should be used instead (Cuynet et al., 2025; Decharme, 2025).

The thermal conductivity of each soil layer, \yo;; (W m~! K—1), is computed from dry and saturated values, estimated from

empirical relationships, and combined using the Kersten number as a function of soil moisture (Peters-Lidard et al., 1998) :
>\soil = )\dry + Ke (>\sat - /\dry) (A3)

where A\gry and Agqr (W m~! K1) are the dry and saturated thermal conductivities, respectively, and K, (-) is the Kersten
number, which increases with soil moisture content and equals 1 at saturation. This formulation allows a smooth transition from
the low conductivity of dry soils to the higher conductivity of saturated soils. Ag, is estimated from empirical relationships
that account for bulk density and porosity. A, is calculated as a geometric mean of the conductivities of the soil solid phase,

water, and ice as follows:
Asat = AT TWsat) \r \Wwi (Ad)

where \g, Ay, and A; (W m~! K—1) are the thermal conductivities of the soil solid phase, water, and ice, respectively, wgq¢

(m®.m~3) the total porosity, and w; and w; (m®.m~2) the volumetric contents of liquid water and ice, respectively.
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Al.1 The volumetric heat capacity of the dry solid matrix

In most previous parameterizations (and here in DE16), the volumetric heat capacity of the dry solid matrix, C;, (J m~2 K~1),
is simply computed as an arithmetic mean of the organic and mineral contributions weighted by the volumetric fraction of

organic matter in the bulk soil, f,, = (m3.m™3):

Cs, = [Com Psom Jvom T Cms Pspe (1= fu,)] (1= Wsat) (AS)

where ¢, and ¢,,s (J.kg71. K1) are the specific heat capacities of organic matter and mineral substrate, ps. and ps,

(kg m~?) their particle densities, and ws,; (m3.m~3) the total porosity.

Recent studies (Cuynet et al., 2025; Decharme, 2025) have shown that this formulation is not physically consistent because
fuv.,. refers to the fraction of organic matter in the bulk soil, including pores, whereas C should be based on the volumetric
fraction of organic matter in the solid phase, f; (m®.m~3). Using fo. ensures mass-volume consistency and accounts for

the true composition of the soil solid matrix. The correct formulation adopted in DE25 is therefore:

Cs, = [Com Psom fti,m + Cms Pspns (1 - som)] (1 - wsat) (A6)

where f7 can be derived from f,,, using the soil mixture theory (Decharme, 2025):

1—w;g
s satom

A7
Vom fvom 1 — Waat ( )
where wsq, . (m3.m~3) is the porosity of the organic matter domain.

Al.2 The dry thermal conductivity

For a purely mineral soil, Agpy,.. (W m~! K1) is calculated following Peters-Lidard et al. (1998) as:

0.135 p,

+64.7
Adryms -

ms AS
Psp. —0.947 py_ (A8)

where p, (kg m~3) is the particle density of the mineral phase computed in ISBA following the PTF of Ruehlmann (2020),
and py,,. (kg m~3) the dry bulk density of the mineral domain given by Equation (1).

The soil dry thermal conductivity, Mg, (W m™! K1), is thus usualy computed in LSMs by combining the organic and
mineral contributions according to their volumetric fractions in the bulk soil. As for A,,; (Equation A4) and following the
general approach for effective conductivities in heterogeneous porous media, Decharme et al. (2016) proposed a geometric

mean, which is applied in the DE16 experiment:
Adry = Adryon )T (Ndry,,, ) Tvon) (A9)

where Agry,.. and Agry,,. (W m~! K=1) are the dry thermal conductivities of the organic and mineral domains, respectively.
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Analyses presented in Decharme (2025) using binary mixture datasets have shown that the arithmetic mean does not fully
reproduce the observed variation of Ag,., with f, . The results indicate that the mixing should be non-linear and, although a
geometric mean appears acceptable, a geo-harmonic mean (Nielson and Rogers, 1982) provides a better fit across a wide range
of organic matter contents, and is adopted in DE25:

2

Adryom Adry .
Niry = V 2dryon Mdrim, (A10)
(1 - f”om) )\dryom, + f“om, V )\drym,s

This formulation captures the nonlinear decrease of A4, with increasing f, = and better represents the behavior of mixed soils

under dry conditions than using a geometric mean, although this remains a modeling choice.
Al1.3 The thermal conductivity of the soil solid

The solid thermal conductivity of a purely mineral soil, A, . (W m~! K~1), is usually calculated following Peters-Lidard

et al. (1998), which is based on the approach of Johansen (1977) and Farouki (1981). In this method, A is expressed as a

Sms

weighted geometric mean of the thermal conductivity of quartz and that of other minerals:

Aoy = (Ag)Toa (X)) Tv0) (AlD)

Sms

where A\, and A, (W m~! K1) are the thermal conductivities of quartz and other minerals, respectively, and qu (m3.m™?)
is the quartz volumetric fraction of the mineral phase. The value of )\, is typically set to 7.7 W m~* K~'. The parameter f,
can be estimated from soil texture, assuming that quartz is mainly contained in the sand fraction. In ISBA, f,, is estimated
from the sand fraction f,,,_. , (kg kg~!) using the empirical relationship derived by Boone (2002) from tabular values given

by Peters-Lidard et al. (1998) for all USDA soil types:
Jo, =0.038+0.95 fr, 004 (A12)

Two values of )\, are used depending on quartz content. A, = 2.0 Wm~! K1 if f, > 0.20m®*m~3,and A, =3.0 Wm~* K~!
otherwise. This distinction accounts for the higher conductivity of non-quartz minerals in low-quartz soils (Peters-Lidard et al.,
1998).

In organic-mineral soils, the thermal conductivity of the solid phase, A\, (W m~! K1), is then computed by combining the
conductivities of the organic and mineral domains. Decharme et al. (2016) noted that a geometric mean would be consistent

with the formulation of the saturated thermal conductivity in Equation (A4), and therefore adopted such mixing rule in DE16:

As = (A, )rom (A )(1—fu(,m) (A13)

Som ms

where A\, (W m~! K1) is the thermal conductivities of the organic matter, respectively. This approach accounts for non-

Som

linear mixing between organic and mineral domains but still uses f,,, from the bulk soil rather than the fraction in the solid

phase.
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However, the DE16 formulation is physically inconsistent because it weights the mixing by f,,, from the bulk soil, which
includes pore space (Balland and Arp, 2005; Cuynet et al., 2025). Instead, As should be based on the volumetric fractions of
organic matter within the solid phase only, as for quartz. Consequently, we adopt the formalism of Balland and Arp (2005),
and in DE25 the solid-phase thermal conductivity is computed as a weighted geometric mean of the conductivities of organic

matter, quartz, and other minerals, using their respective volumetric fractions in the solid phase:
As = ()\Som )f{jOm ()\q)qu ()\0)(17f”q o om) (Al14)

where qu = fu, (1= f5 ) 1is the quartz volumetric fraction of the solid phase, accounting for the fact that quartz is present
only in the mineral fraction of the solid phase. This formulation ensures that the mixing is carried out within the actual solid
skeleton of the soil, excluding the pore space, and is therefore consistent with the physical definition of A\; and A, (Equation
A4).

A2 Surface litter heat transfer and thermal properties

Surface litter commonly develops under forest canopies and forms a porous, low-density layer at the soil-atmosphere interface.
Because its water content varies rapidly and may freeze seasonally, litter influences surface thermal insulation and the transmis-
sion of temperature signals into the upper soil. In ISBA-MEB, the litter layer follows the hydrological formulation introduced
by Napoly et al. (2017), including an explicit treatment of freezing and thawing in the litter water reservoir. Its heat transfer is
solved using the same one-dimensional diffusion equation as for the soil (Equation A1), with litter-specific thermal properties.
However, in the original implementation, the litter thermal conductivity parameterization depends only on liquid water content
and neglects the contribution of ice, which makes it inconsistent under freezing conditions (Equation A13 in Appendix A5
of Napoly et al., 2017). This formulation is therefore not consistent with freezing conditions. To address this limitation, we
compute litter thermal properties using the same formalism as for the soil thermal scheme described in Appendix A, while

treating the litter layer as a purely organic medium.

Specifically, litter thermal capacity and conductivity are computed using Equations A6, A10, and A14, with the organic
volumetric fractions set to unity (f,,,, =1 and f; ~=1). The litter bulk density is prescribed to 45 kg m~2 and the litter
porosity to 0.95 m3.m~3 (Napoly et al., 2017). The thermal properties of organic matter are taken from Table 1. Liquid water
and ice contents are those prognostically simulated for the litter layer in the Napoly et al. (2017) scheme. With this approach,
the effect of freezing on litter thermal conductivity is explicitly accounted for, while preserving full consistency with the soil

thermal formulation and avoiding the introduction of additional empirical parameters.
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Appendix B: List of symbols

Table B1. Main symbols used in the study.

EGUsphere\

Symbol  Definition Unit

AWC Volumetric soil available water capacity m? m—3

b Pore size distribution index (Brooks—Corey) -

ci Specific heat capacity of ice Jkg71 K1
Cms Specific heat capacity of mineral matter Jkg71 K1
Com Specific heat capacity of organic matter Jkg=1 K1
Cw Specific heat capacity of liquid water Jkg= 1K1
C; Volumetric heat capacity of ice Jm™3 K !
Cs Volumetric heat capacity of soil mixture Jm—3 K~!
Csv Volumetric heat capacity of soil solids Jm3 K1
Cw Volumetric heat capacity of liquid water Jm3 K1
fme lay Mass fraction of clay kg kg1
fmsana  Mass fraction of sand kgkg~?!
i Mass fraction of silt kgkg!
Fmoe Mass fraction of soil organic carbon (SOC) kg kg*1
Fmom Mass fraction of soil organic matter (SOM) kgkg~?!
Fvom Bulk volumetric fraction of organic matter m3 m—3
Loom Volumetric fraction of organic matter in the soil solid phase m3 m—3

K Kersten number controlling reduction from saturated to unsaturated thermal conductivity -

ksat Saturated hydraulic conductivity ms—!

Adry Dry thermal conductivity Wm—! K1
i Thermal conductivity of ice Wm—! K1
As Thermal conductivity of soil solids Wm 1K1
Asoil Bulk soil thermal conductivity Wm—1 K1
Asat Saturated soil thermal conductivity Wm—1K!
Aw Thermal conductivity of liquid water Wm—!K~!
Ysat Air entry potential m

Pb Soil bulk density kgm~3

pi Density of ice kgm—3

Ps Soil particle (solid) density kgm~3

Pw Density of liquid water kgm—3

Wie Volumetric water content at field capacity m3 m—3
Wytot Total volumetric soil water content m3 m—3
Wsat Soil Porosity (Volumetric water content at saturation) m3 m—3
Wayilt Volumetric water content at wilting point m3 m—3
Ssat Degree of soil saturation %

TWS Terrestrial water storage cm

z Mid-layer soil depth m
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