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PHYSICS-GUIDED TRANSFER LEARNING OF SOIL FREEZING
CHARACTERISTIC PARAMETERIZATION FOR COUPLED
THERMO-HYDRO-CHEMICAL SIMULATION OF SALINE PERMAFROST

XUEYANG WANG AND MING XIAO

Abstract. Coupled thermal-hydraulic-chemical (THC) simulation is an important tool
for predicting thaw, liquid-water redistribution, and solute transport in saline permafrost.
A major challenge is to determine the constitutive parameters that control coupled THC
processes, especially because soil freezing characteristic (SFC) measurements for saline,
organic-rich soils are limited. This study develops a physics-guided transfer learning (PG-
TL) framework for SFC parameterization and integrates the parameterization into a THC
simulation framework. The generalized Clapeyron equation—-van Genuchten (GCE-VG)
relation serves as a physics-informed constraint by expressing unfrozen water content (UWC)
as a constitutive function of matric potential, temperature, and solute concentration. Within
the transfer learning framework, a pedotransfer function (PTF) maps soil index properties
to VG parameters. The PTF is pre-trained on a soil water characteristic (SWC) database
and then adapted to a smaller SFC database containing saline and organic soil samples.
The PG-TL-based SFC parameterization is further implemented in a one-dimensional (1D)
finite-volume THC simulator. The simulator is calibrated against borehole temperature
observations and active layer thickness records for a saline permafrost profile near Utqgiagvik,
Alaska. Scenario simulations are conducted to examine the effects of seawater intrusion
and surface organic-layer degradation on thaw-front development. By the third simulation
year, the annual maximum thaw depth increased by 6.8%, 27.3%, and 34.3% relative to the
undisturbed baseline under seawater intrusion, organic-layer degradation, and their combined
disturbance, respectively. The proposed framework provides a solver-compatible constitutive
parameterization for saline permafrost assessment and supports coupled THC analysis where
direct freezing measurements are sparse.

1. Introduction

Predicting thaw and liquid-water redistribution in permafrost requires resolving coupled thermal,
hydraulic, and geochemical processes that vary strongly over short spatial distances. In ice-rich
and saline permafrost terrain, surface conditions such as ice-wedge polygons, thermokarst,
surface ponding, and infrastructure disturbance can change over meters to tens of meters, while
subsurface texture, ice content, salinity, and organic matter may vary over vertical intervals
of only a few tens of centimeters (Kokelj and Jorgenson 2013; Liljedahl et al. 2016; Shur and
Jorgenson 2007; Walvoord and Kurylyk 2016). Such subsurface heterogeneity affects the latent
Wd phrases. Soil freezing characteristic curve; Saline permafrost; Thermo-hydro-chemical modeling;

Transfer learning; van Genuchten parameters.
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heat effects, hydraulic conductivity, liquid-water migration, and solute mobility, which thereby

governs thaw progression, differential ground subsidence, and carbon and contaminant release.

The soil freezing characteristic (SFC) describes the equilibrium between UWC and subzero
temperature and provides a key constitutive basis for permafrost hydrothermal modeling. A
common SFC formulation combines the generalized Clapeyron equation (GCE) with the van
Genuchten (VG) water-retention model (Dall’Amico et al. 2011; Kurylyk and Watanabe 2013;
Zhang et al. 2024). The GCE converts temperature depression into an equivalent matric
potential of unfrozen pore water. The VG model then converts the equivalent matric potential
into UWC. The classic GCE-VG model mainly represents capillary-controlled freezing. However,
frozen soils are also influenced by texture, salinity, and soil organic matter (SOM). The key
VG parameters include saturated water contents 6, residual water content 6,., the inverse
of air-entry suction «, and the pore-size distribution index n, respectively (van Genuchten
1980). Texture controls pore-size distribution and therefore influences «, n, and the overall
shape of the SFC curve (Benson et al. 2014). High specific surface area of fine-grain soil
increases adsorbed water and contributes to residual unfrozen water (Anderson and Tice 1973;
Wang and Lu 2026). Salinity lowers the chemical potential of pore water and depresses the
equilibrium freezing temperature (Amankwah et al. 2021; Zhou et al. 2020). During freezing,
solutes are excluded from ice and become concentrated in the remaining liquid. This process
further reshapes the SFC. Organic-rich soils commonly have high porosity, which can increase
fs. SOM also increases specific surface area and adsorptive water, thereby increasing residual
unfrozen water (Chuvilin et al. 2022; Watanabe and Wake 2009). These soil properties interact
through pore-size distribution, interfacial water retention, osmotic potential, and pore-structure
deformation. The coupling effects on GCE-VG parameters can be nonlinear and dependent,
which limits the reliability of empirical VG parameter assignment for heterogeneous saline

permafrost with varying organic content.

Machine-learning methods, including artificial neural networks (ANN), random forests, and
extreme gradient boosting models, have been applied to predict UWC and estimate SFC curves
from basic soil index properties (Bi et al. 2023; Kim et al. 2025; Li and He 2024; Park et al.
2025; Ren et al. 2023). The approaches generally provide accurate pointwise UWC estimates
at prescribed temperatures. Recent work by Liu et al. (2026) advanced these methods by
embedding an ANN-based UWC model into a thermo-hydraulic simulation and validating it
against laboratory experiments. In the model, however, the ANN returns UWC from soil
temperature, while hydraulic conductivity comes separately from an empirically parameterized
VG model. Black-box models such as ANNs require large training sets to generalize, yet SFC

measurements from undisturbed permafrost cores remain scarce, particularly for saline and
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organic-rich soils (Chuvilin et al. 2022). This data limitation leaves the effects of soil organic

matter and salinity insufficiently constrained in SFC parameterization.

The limited availability of SFC data can be partly addressed by using the more abundant soil
water characteristic (SWC) measurements. This strategy relies on the thermodynamic analogy
between soil drying and soil freezing (Black and Tice 1989; Koopmans and Miller 1966). Under
phase equilibrium, the generalized Clapeyron equation links matric potential in the drying
domain to temperature depression in the freezing domain (Dall’Amico et al. 2011; Kurylyk
and Watanabe 2013). The drying-freezing analogy allows SWC-derived retention behavior to
provide physically informed constraints on SFC parameterization. Because SWC measurements
for organic samples are more abundant than SFC measurements, they can serve as useful
auxiliary information for estimating GCE-VG parameters (Zhou et al. 2018). However, the
drying-freezing analogy is not exact. The SWC and SFC involve different interfaces (air-water
versus ice-water), and their interfacial tensions produce systematic deviations whose magnitude
depends on soil type and the balance between capillary and adsorptive forces (Koopmans and
Miller 1966; Wang and Hu 2023). These differences motivate the use of transfer learning to

adapt SWC-informed constraints to freezing-domain behavior.

The key contribution of this study is to establish a pedotransfer function (PTF) for SFC
parameterization and coupled THC simulation workflow for saline and organic permafrost, with

three innovations:

e A physics-guided transfer learning framework is developed to estimate VG parameters
from soil index properties, linking UWC with temperature, pore pressure, salinity, and

soil composition in saline and organic-rich frozen soils.

e Soil property information and long-term meteorological and field observations are
incorporated into the THC modeling framework, to enable site-specific representation

of coupled water—salt—heat dynamics in saline permafrost.

e Simulation of a monitored saline permafrost profile near Utqiagvik, Alaska is used
to quantify how salt intrusion and organic-layer disturbance affect water—salt—heat
redistribution and thaw development. This application provides a quantitative approach

and process-level insight for evaluating environmental risks in saline Arctic settings.

This paper is organized as follows. The physics-guided transfer learning framework for SFC
parameterization is first introduced, including the physical formulation, transfer learning strategy,
and model calibration and training protocol. The governing equations for the THC simulation
are then presented, together with the boundary conditions and numerical implementation. The

data sources and model inputs are described next, including the SFC dataset compilation
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and the climate forcing and ground conditions used in the THC simulations. The results and
discussion then evaluate the PG-TL-based SFC prediction and demonstrate its application to
coupled THC simulations. Finally, the limitations of the proposed framework and potential

future improvements are discussed.

2. Physics-Guided Transfer Learning for SFC Parameterization

2.1. Physical Formulation

The proposed transfer learning framework links the SWC and SFC formulations through a
thermodynamic equivalence between drying-induced desaturation and freezing-induced liquid-

water retention. Liquid-water potential ¢ [Pa] serves as the common state variable of the SWC
and SFC.

(1) ¢:¢m+wo

where 1, is the matric potential [Pa] and v, is the osmotic potential [Pa]. 1, is negative

under suction, and the matric suction head h [m] is related to v, by

Bl m
145 pig

(2) h
where p; is the density of liquid water [kg m™] and g is the gravitational acceleration [m s2].

2.1.1. Drying domain

For drying-induced desaturation, the osmotic effect is assumed negligible relative to matric
suction, thus ¢ = 1,,. The SWCC is described using the van Genuchten relationship (van
Genuchten 1980):

*

3) m:9:+w;_ﬁ)ﬁ+mwhwﬂfm

(4) m*=1-1/n"*

where 6; is volumetric water content; 6 is the residual water content; 0% is the saturated water

content; and * [m!], m*, and n* are fitting parameters. To distinguish the drying-domain and

freezing-domain parameter sets, the VG parameters estimated from SWC curves are denoted
*

as o, n*, 6, and 0. The VG parameters calibrated for SFC curves are denoted without

superscripts as a, n, 6., and 6.



PG-TL PARAMETERIZATION FOR SALINE PERMAFROST 5

2.1.2. Freezing domain

In frozen soils, the generalized Clausius-Clapeyron relation links temperature to liquid-water
potential (Zhou et al. 2018). Neglecting external pressure gradient, equilibrium between ice

and liquid water yields

T-T,
1o

(5) ¢cryo = wo + wm = PlLf

where tc,y, is the cryogenic liquid-water potential [Pa], p; is the liquid-water density [kg m™],
Ly is the latent heat of fusion [J kg?], T is the soil temperature [K], and Ty = 273.15 K is the

freezing point of pure water at one atmosphere pressure. For T' < Tp, ¥¢ryo is negative.

The osmotic potential associated with dissolved solutes is expressed using water activity a,,
(Chuvilin et al. 2022; Zhang et al. 2024):

RT
6 o= 1 w
(© Vo= - a)
where R [J mol* K] is the gas constant, and V,,, [m® mol™] is the molar volume of water.
0 < ay < 1, and ¥, < 0. The water activity is related to the osmotic coefficient ¢, through the

Pitzer formulation (Pitzer 1975):

(7) In (ay) = —vmeMyd,

where v [-] is the number of ions per formula unit of dissolved salt (v = 2 for NaCl); M,, =

0.018015 kg mol! is the molar mass of water. The molality m.. is related to the molar liquid-water

concentration ¢ [mol m™] through

C
Msalt Pl

(8) me =

with Mg [kg mol‘l] is the molar mass of the dissolved salt species. The osmotic coefficient ¢,
is a function of ionic strength and temperature, evaluated from the ion-interaction formulation
(Pitzer 1975) as adapted for frozen saline soils by Wu et al. (2023), with the Pitzer parameters
and the Debye-Hiickel coefficient A, expressed as polynomial functions of temperature (Spencer
et al. 1990). Consequently, a,, becomes a function of temperature T and the pore-water salt

concentration c.

Combining Eq. (2), Eq. (5) and Eq. (6), the equivalent matric suction head hy [m] is:
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(9) hy= (aw)

Accordingly, the unfrozen water fraction 6, can be expressed using the VG retention model by

replacing the drying-domain matric suction head with hy:

(10) 0., =0+ (95 - er) [1 + (ahf)n]_m

The physics-guided layer uses four assumptions: laboratory specimens are homogeneous at
the specimen scale; liquid-water movement and vapor transport are neglected during SFC
curves fitting; water activity represents solute effects without explicitly resolving cryogenic
concentration, salt precipitation, or concentration attenuation; liquid water and ice are assumed

to remain in equilibrium at each temperature step.
2.2. Transfer Learning for SFC

The SFC transfer learning workflow consists of three components, including a pre-trained SWCC
backbone, a residual adapter, and a physics-guided output layer (Figure 1). The workflow uses
two groups of input variables. The first group is the shared soil-property vector x,, which
contains soil properties used in both SWC pre-training and SFC adaptation. The second group
is the freezing-domain property vector xy, which contains additional soil properties used only
during SFC adaptation. The vector xs contains eight variables, including sand content, silt
content, clay content, dry density pg, SOM, porosity ¢, salinity M, and degree of saturation
Sy. The vector x; includes plastic limit (PL), liquid limit (LL), and specific surface area S,.

Data preperation SWC Pre-training .:: SFC Residual Adapter Physical guidence (PG)
Head
Input: soil features Backbone (i\ /
a*
Sand (%)  Saturation
A
Silt (%) Dry density 2
- F=
Clay (%) SSA 5
soM PL o b
8. 3
Salini LL s @
” &
J®
8"
| Frozen Layer (SWCC Pre-Train) Trainable Layer (SFCC Transfer leaming) Forward Pass | RMSE

FIGURE 1. Architecture of the PG-TL framework, showing SWC pre-training,
SFC residual adaptation, and the physics-guided GCE-VG output layer used
to predict UWC.
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The SWC backbone fy- provides the baseline VG parameter estimate. It is initialized using
weights obtained from SWC pre-training. The backbone takes the shared soil-property vector
X, as input and predicts the SWC-domain VG parameter vector Y§,, = [a*,n*, 05, 0%]. The

learned Y7, is then passed through the physics-guided layer to reconstruct the SWC curves

using Eq. (3). A fully connected neural network fp. predicts the Y3, from these input features:

(11) Yva = fos (%)

where fy. denotes the neural network after SWC pre-training. The architecture and training

hyperparameters are summarized in Supplemental Materials Text S3.

The residual adapter gg adjusts the pretrained Y7, to the freezing-domain VG parameters
Yvea = [a,n,0,,05]. The adapter uses both x, and x,, as inputs. It predicts a correction vector
AYVG,

AY vy = [Aloga, Alogn, Alog6,, Ab,]
(12)
= 99([X8’XPD

Log-space corrections are used for «, n, and 6,., and the saturated water content 6y is corrected

in linear space.

a* exp(Alog )

n* exp(Alogn)

0% exp(Alog¥,)
0% + Ab,

(13) Yvg =

The physics-guided output layer converts Yy and temperature 7" into the predicted UWC using
the GCE-VG constitutive relation in Eq. (9) and Eq. (10). This layer contains no trainable

parameters and serves as a physics-guided constitutive layer.
2.3. Model Calibration and Training Protocol

Both the SWC pre-training and SFC fine-tuning stages minimize the same loss function £,

which combines a standard mean squared error (MSE) term with a log-scale MSE term.

1L 2 A N ~ 2
(14) -3 (Be—6:) + NgE:[long—logek
k=1 k=1

where the variable 0, is the predicted volumetric water content for the k-th training measurement,

and 0 is the corresponding measured value. In the SWC pre-training stage, §k represents the
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predicted liquid water content ;. In the SFC fine-tuning stage, §k represents the predicted
UWC 6,,. N is the number of training measurements. The coefficient Ajog controls the relative
contribution of the log-scale error term. The two terms in loss function £ emphasize different
parts of water content range of SFC and SWC curves. The standard MSE term emphasizes
errors where water content is high. The log-scale term gives more weight to low water contents,

where small absolute errors can produce larger relative errors.
3. Governing Equations for Thermo-Hydro-Chemical Simulation

The PG-TL SFC parameterization was incorporated into a THC simulation of a 1D saline
permafrost profile. The model was then used to evaluate coupled heat, liquid-water, and salt

transport under climate boundary forcing.

e The hydraulic field is governed by pressure-based Richards equation. The PG-TL-
derived GCE-VG parameterization uses soil index properties to partition the water and
ice phases through the SFC curves and to compute hydraulic conductivity through the

van Genuchten—Mualem function.

e The thermal field is governed by energy conservation with heat conduction and latent
heat. Thermal conductivity is updated using phase contents and soil composition,

including the insulating effect of organic matter and the influence of mineral texture.

e The chemical field is governed by mass conservation of dissolved salt in the liquid phase.
The Pitzer model (Pitzer 1975) evaluates water activity and osmotic freezing-point
depression in saline pore water, linking the salt concentration to matrix suction and

water—ice partitioning.
3.1. THC Formulation
3.1.1. Energy conservation

Energy conservation incorporates conductive heat transfer, latent heat effects during phase

change, and sensible heat advection by liquid flow,

(15) (pC)app% + PlCzuD% = % </\effgf>

The Acsy is determined by a Johansen-type normalized thermal conductivity model (Johansen
1977), Farouki soil thermal conductivity formulation (Farouki 1981), with organic extension
(Lawrence and Slater 2008); the specific implementation follows Lawrence et al. (2020). The

(pC)app is the apparent volumetric heat capacity [J m™ K], ¢; is the specific heat capacity of
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liquid water [J kg'! K], up is Darcy’s velocity [m s7!] obtained from the Richards equation,

Aesy is the effective thermal conductivity [W m™ K1].

Latent-heat release and uptake during phase change are incorporated into the apparent heat

capacity as

00,

(16 (6Chan = (1€ + | 5

where the sensible volumetric heat capacity (p0C)sens = Y., 0202 [Jm> K], and 2 =m, o, 1,1
(mineral, organic, liquid-water, and ice phase); p; is the density of liquid water [kg m™3]; L 7 is

the specific latent heat of fusion of water [J kgl].
3.1.2. Water migration

Neglecting evaporation and assuming an immobile ice phase, conservation of total water mass is

00 oup

(17) ot 0z

(18) 0 =0,+ "%,
pi

where O is the liquid-water-equivalent total water content, p; and p; are the densities of liquid
water and ice that are assumed as constants, and z [m] is the vertical coordinate taken positive
downward. The quantity in parentheses represents the conserved liquid-water-equivalent total

water content,

p is identified with the matric-potential pressure (i.e., p = 1,,). The Darcy velocity up is

written as

Keff <8p )
19 =4 ZZ_
(19) up P 92 P9

where Ko [m s7!] is the effective hydraulic conductivity, defined as

(20) Kerp = KoKy Iy

K, [m s!] is the saturated hydraulic conductivity, parameterized following the Community
Land Model (CLM) soil hydrology scheme (Lawrence et al. 2020) to account for mineral—

organic mixing; limp = 107199 [] is the ice-impedance factor that progressively suppresses
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liquid mobility as pore ice develops (Hansson et al. 2004); and K, [-] is the relative hydraulic

conductivity following the van Genuchten—Mualem formulation (Mualem 1976).

_aufer
_es_er

where S, [] is the effective liquid saturation; ¢ [-] is the Mualem pore-connectivity parameter.

(21) Ko=s1-(1- S;/m)mr, S.

3.1.3. Dissolved salt migration

Dissolved salt transport in the liquid phase is formulated using the bulk-volume dissolved salt
molar concentration M [mol m™], which is related to the liquid-phase molar concentration c

[mol m=3] by M, = 6, c.

The governing equation is

oM, oJ, - o
5 + 9% =0, Js—ch_Deff&

where J,; [mol m2 s1] is the total salt molar flux, comprising advective and diffusive components;

(22)

and Deg [m? s7!] is the bulk effective diffusion coefficient for dissolved NaCl in the partially
saturated pore space. The diffusion coefficient is corrected for partial saturation through the
Millington—Quirk tortuosity relation (Millington and Quirk 1961),

g7/3
@?’

(23) Deff = Dgat

where D4y [m? s7!] is the molecular diffusion coefficient of dissolved salt in free water.

3.2. Boundary Conditions

The PG-TL SFC parameterization was incorporated into the THC simulation for a saline
permafrost column. The soil column is assumed one-dimensional with depth of 10 m (0 < z <
L, L =10 m). The upper thermal and hydraulic boundaries (z = 0) were computed by the
CryoGrid community model using a surface energy balance coupled with bucket-scheme snow
hydrology (Westermann et al. 2016, 2023). Incoming shortwave and longwave radiation were
balanced against turbulent sensible and latent heat fluxes at the snow or ground surface, with
turbulent exchange evaluated using Monin-Obukhov similarity theory and empirical stability
corrections (Dyer 1974; Monin and Obukhov 1954). The model was driven by standard
atmospheric forcing, including incoming shortwave and longwave radiation, air temperature,
wind speed, humidity, rainfall, snowfall, and air pressure. Snow-covered and snow-free surface

states evolved through snow accumulation, meltwater routing, and snow thermal resistance,
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which regulated the heat and water fluxes into the soil column. The heat and liquid-water
boundary fluxes computed by the CryoGrid boundary module are denoted as Fo(t) and gog(t),
respectively. At the top boundary, Fog(t) (W m™2) was imposed as a Neumann heat-flux

boundary and qcg(t) (ms—1) was imposed as the upper hydraulic flux:

(24) —Aefr g—z = Fog(t)
z=0
(25) up(z,t)|._, = qea(t)

At z = 10 m, a fixed-temperature Dirichlet boundary condition was imposed to the lower

thermal boundary, and the lower hydraulic boundary was set to no flow:

(26) (1), = Til)

z=L

(27) up(z,t)|,_, =0

where T} (t) was approximated using the observed ground-temperature record at approximately
10 m depth from a borehole located near the field site for the THC simulation (Romanovsky et
al. 2019).

For the salt intrusion scenario, solute exchange at the upper boundary was represented using a
third-type Cauchy boundary condition, following the HYDRUS formulation (van Genuchten
and Parker 1984). Marine salt loading was represented by a surface reservoir with a constant

3

seawater-strength concentration of cg, = 600 mol m™>. The water flux prescribed by the

surface-bucket hydraulic boundary determined the direction of advective solute transport.
3.3. Numerical Implementation

At the beginning of each time step t", the model state is defined by temperature T, pressure
p™, bulk salinity M, liquid-phase salinity ¢”, and the VG parameter vector. These variables
are advanced to "1 through a sequential hydraulic, chemical, thermal, and constitutive update

procedure (Figure 2).
The hydraulic field is solved first using equation in Eq. (17)-Eq. (19). During this step, T™, ¢",

and VG™ are held fixed, and a mass-conservation Picard iteration is applied to update p. At

Picard iteration k, the GCE-VG relation is evaluated with the current pressure iterate to obtain
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State at "
", p", M, c", VG" = {a™,n", 0", 07}
] State at t"+!
T"+1, pn+1’ Jv[sn+1, C"+1, VG1L+1

Hydraulic field solver

pressure-based Richards equation ?
Inputs: p*, T" , ", VG" Constitutive update
Initialize Picard: pF « p™ Pitzer water activity + PG-TL retention
} (GCE-VG Eq.) Inputs: 77+, ¢! soil descriptors
k k k k k k
Our 07, Se, Ky K, Cp 1 (Pitzer)
1 (Richards Eq.) antl
k+1 v
V4 4 (PG-TL retention)
. Ikl _ pk 1 1 1+1 141
Convergence check: |pktl —pF|| <e? antl prtl 0:+ 5 9:+
1 (converged) 1
Outputs: p"+1, grtl, ontl it Outputs: VG™ !
Chemical field solver Thermal field solver
conservative salt transport heat conduction with Darcy advection
Inputs: M7, c*, 0741, wptt Inputs: 7%, 62+, o7+, Wt
1 (Millington-Quirk Eq.) —— 1
+1
D Aeft; (PC)app
1 (Solute migration Eq.) 1 (Energy conservation Eq.)
Outputs: M7+t cntl Outputs: 77 +!

FIGURE 2. Algorithm for advancing the coupled THC simulator from t" to
t"+1 including hydraulic, chemical, thermal, and constitutive-update steps.

the 6k, Sk, 1%

imp?

and K ff ¢ Because T', ¢, and the VG parameters are fixed within this hydraulic

substep, the liquid-water storage term is linearized with respect to pressure as

28) o ~\ew) A

aeu 89u k pk-i-l _ pn
ot

The updated pressure field gives the Darcy flux ukD“, which is then used to advance the

conserved liquid-water-equivalent total water content,

k+1
ouy,
0z

The ice content is updated from the residual phase balance,

(29) OF+l — @ — At O =0, + %ei
l

k+1 _ Pl (k+1 _ gk+1
(30) 0 = (07 =0

After Picard convergence, the hydraulic solver returns p"+1, g7+ 971 @n+1 and ul4™. The
corresponding phase-change rate used in the thermal update is evaluated by backward difference

as
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A\ ntl ntl _ pgn
(31) W) U
ot At

The chemical field is then updated using M, ¢, 71 and u%“. Dissolved salt is governed
by the solute conservation equation in Eq. (22). The effective diffusion coefficient D:;rfl is
calculated using the Millington-Quirk relation in Eq. (23). This step updates the conserved

bulk salt concentration M+ and the liquid-phase concentration ¢"**.

The thermal field is solved after the hydraulic and chemical updates. The energy conservation
equation in Eq. (15) uses 7™, 071, 0! and u%“ as inputs. The effective thermal conduc-
tivity Aeys and the apparent volumetric heat capacity (pC)qpp are evaluated from the current
phase contents and soil properties. The thermal update accounts for heat conduction, latent
heat associated with water—ice phase change, and sensible-heat transport by the Darcy flux.

This step gives the updated temperature 77+

A constitutive update is then performed before the next time step. The Pitzer model uses
Tt el and 0711 to calculate water activity a?™!. The PG-TL model then updates
the VG parameters o™t n"*+1 07+l and 7+, The updated parameter vector VG is
used in the GCE-VG relation at the next time step. The final state at t"Tlis therefore
[T”H,p”*l, M7+ en VG’I’LJrl]'

4. Data Sources and Model Inputs

4.1. SFC Dataset Compilation

The SFC dataset was compiled from 45 publications (listed in Supplemental Materials Text
S1). For each sample, thirteen soil index properties were compiled and classified into four
groups based on their physical characteristics. The texture group includes sand, silt, and clay
contents based on the USDA grain-size limits. Sand is defined as particles larger than 0.05 mm,
silt as 0.002-0.05 mm, and clay as particles smaller than 0.002 mm. The phase-relation group
includes dry density pg, porosity ¢, degree of saturation S, specific gravity G, and total
volumetric water content 6;,¢. The surface and plasticity group includes specific surface area
Sa, plastic limit PL, and liquid limit LL. The chemical and organic group includes soil organic
matter SOM and pore-water salinity M. Published investigations of SFC observations may
only report a subset of the soil metadata needed for model development. To retain as many
compiled samples as possible, missing metadata were completed in two steps, as described in
Supplemental Materials Text S2. Eleven of these properties are direct inputs to the PG-TL
model, namely, the sand, silt, and clay fractions, pq, ¢, Sy, Sa, SOM, My, PL, and LL. The
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remaining two (G and 6y¢) are not used as model inputs but are retained for the subsequent

missing-metadata recovery.

After metadata recovery and imputation, the final SFC dataset included 290 soil samples
and 4,528 temperature-UWC observations. Only freezing measurements were included and
supercooling-affected data points were removed. Among the 290 samples, 48 are classified as
organic (SOM > 1%) and 63 as saline (M, > 0.01 mol L). The distribution across USDA

textural classes and key input variables are summarized in Figure 3.

(a) (b)

pa (kg/m?) SOM (%) Oy, (cm3/cm?) PL (%)

Density

0 2500 0 20 0 1 0 100
LL (%) S, (m¥g) M (mol/L)

Density

T T T T T T 0
0 250 0 500 0.0 25

Percent sand

F1cure 3. SFC database summary: (a) probability density functions of selected
input variables; and (b) USDA textural classes.

Hyperparameters were tuned using Bayesian optimization implemented in Optuna (Akiba et
al. 2019). The Tree-structured Parzen Estimator (TPE) sampler was used to select candidate
configurations. Each trial was evaluated using five-fold cross-validation grouped by soil sample
(Fushiki 2011). The search space and the optimized values are reported in Supplemental
Materials Text S3.

4.2. SWC Dataset for Pre-training

The SWC measurements used for pre-training were extracted from the UNSODA 2.0 database
(Nemes et al. 2001), a publicly available compilation of unsaturated soil hydraulic data from
790 soil samples collected worldwide. The water retention measurements in UNSODA were
obtained using standard laboratory methods, including Tempe cells, hanging water columns,
pressure plates, and pressure outflow devices. The soil properties retained for pre-training, all of
which are reported in or directly derivable from UNSODA, included sand content, silt content,

clay content, SOM (%), pq (kg/m?), electrical conductivity of the soil solution (S/m), G4(-),
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and ¢ (-). To maintain consistency with the laboratory-based SFC dataset, only laboratory
drying records were retained, and observations with h > —10 cm were excluded to avoid the
near-saturation range where measurement uncertainty is large and capillary effects are not yet
fully developed. After filtering, the pre-training dataset comprised 718 soil samples and 7943
pressure head—water content observations. Among the retained samples, SOM ranged from 0
to 88.4%, with 52.3% of samples reporting non-zero values. Eight samples with SOM between
21.4% and 88.4% correspond to peat or highly organic soils. Excluding the eight highly organic
samples, SOM of remaining samples ranges from 0 to 14.48%, with a mean of 0.82% and a
median of 0.08%.

4.3. Climate Forcing and Ground Conditions for THC Simulation

The simulations were configured for a field site near Utqiagvik, Alaska, where low-relief coastal
tundra is underlain by continuous permafrost (Lara et al. 2018). The surrounding landscape
is characterized by wet to moist graminoid—moss vegetation, drained lake basin and coastal
plain terrain, and organic surface layer over silty clay loam, loam, and gravelly loam mineral
soils (Bockheim et al. 2001; Hinkel and Nelson 2003). The site contains spatially heterogeneous
pore-water salinity, ranging from fresh to elevated salinity that generally increases with depth
(Brown 1969). Borehole temperature observations at depths of 0.15 m and 1.5 m at a monitoring
site located at 71.329°N, 156.593°W (Nicolsky and Wright 2024 2025) were used to constrain the
surface energy-balance parameterization and evaluate model performance over August 2022 to
July 2025. Electrical resistivity tomography (ERT) imaging at a nearby site (Tourei et al. 2024)
provided an additional constraint on subsurface stratigraphic delineation. The 1D stratigraphy
used in the coupled THC simulation was parameterized by combining three complementary
data sources: measured soil index and thermal properties from borehole S4 (Wang et al. 2026),
co-located ERT-derived stratigraphic interpretations (Tourei et al. 2024), and vertical profiles
of organic content from nearby boreholes (Farley et al. 2026). Layer-averaged soil properties

used in the model are summarized in Table 1.

Hourly meteorological forcing was obtained from the ERAS atmospheric reanalysis (Hersbach
et al. 2020) at the nearest 0.25° grid point to the study site (71.3°N, 156.8°W), including air
temperature at 2 m above ground, wind speed at 10 m above ground, surface pressure, dew-point
temperature at 2 m above ground (converted to specific humidity), downward shortwave and
longwave radiation, total precipitation, snowfall, and snow depth. All variables were retrieved
at hourly resolution for the period of August 2022 through December 2025 and used as inputs
to the surface energy-balance scheme that provided the upper boundary forcing for the THC

simulator.
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TABLE 1. Layered soil properties used to parameterize the 1D borehole simu-
lation and PG-TL SFC parameterization.

Dr
Layer* Depth Sand Silt Clay SOM dens}ilty Salinity Porosity Saturation PL LL Sa
(m) (%) (%) (%) (gg™") (kgm™3) (molL™") () Q) (%) (%) (m*g™1)
1 025 36 62 2 0.200 334 0.004 0.87 0.97 14.5 20.8  51.3
2 050 67 33 O 0.031 430 0.014 0.80 0.98 23.0 26.0 7.9
3 140 76 24 O 0.009 570 0.035 0.78 0.94 23.7 26.0 6.3
4 400 76 24 O 0 1380 0.300 0.48 0.95 NP NP 5.5
5 100 76 24 O 0 1380 0.000 0.48 0.95 NP NP 5.5

* Layers 1~5 represent the organic-rich active layer, ice rich silt, ice-rich sand, high-salinity sand, and ice-poor
sand. **NP denotes non-plastic Atterberg limits.

5. Results and Discussion

5.1. Validation of the PG-TL model

The PG-TL model was tested under sample-grouped five-fold cross-validation, with an out-of-fold
R? of 0.873 and an RMSE of 0.054 m3 m 3. The SFC prediction was evaluated against published
measurements in which key soil properties were varied independently, including My, SOM, ps,
and S, (Figure 4). The comparisons were used to evaluate the physical consistency of PG-TL
model in providing SFC parameterizations for the subsequent THC simulations. The predictions
generally followed the measured responses for the four soil properties. Increasing salinity
depresses the freezing point and increases UWC at a given subzero temperature (Figure 4a).
Higher soil organic matter and larger specific surface area increase unfrozen water retention,
particularly at moderate to low subzero temperatures (Figure 4b and ¢). Higher initial saturation

mainly increases UWC near the freezing point, with a weaker effect at lower temperatures
(Figure 4d).

5.2. Application of Thermo-Hydro-Chemical Simulation

Four THC simulation scenarios are designed to evaluate different disturbance conditions and
are summarized in Table 2. Scenario 0 (baseline) represents undisturbed conditions and is used
for model calibration. Scenario 1 imposes sustained surface salinization from the top of organic
horizon while keeping the soil profile unchanged. Scenario 2 combines surface salinization with
organic-layer removal after the first simulation year by setting the SOM of Layers 1 and 2
(listed in Table 1) to zero. Scenario 3 imposes organic-layer removal without surface salinization
and is designed to isolate the effect of organic-layer removal from the combined disturbance in

Scenario 2.
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FIGURE 4. Model predictions versus published measurements for four soil
properties. (a) salinity M (Meng et al. 2020), (b) soil organic matter (SOM)
(Chuvilin et al. 2022), (c) specific surface area S, (Christ et al. 2009), and (d)
initial saturation S, (Zhou et al. 2020).
TABLE 2. Design of four simulation scenarios and resulting annual maximum
thaw depths (m). Each scenario combines two disturbance pathways under
different on/off conditions, isolating the individual and combined effects of
surface salinization and organic-layer removal on saline permafrost thermal
response.
Salini-  Organic-layer
Scenario  zation removal Annual thaw depths (m) Purpose
2022 2023 2024 2025
S0 — — 0.341 0.491 0.384 0.365 Baseline (undisturbed)
S1 Years 1-3 — 0.341 0.494 0.415 0.390 Salinization only
S2 Years 1-3  Years 2-3  0.341 0.491 0.488 0.490 Combined disturbance
S3 — Years 2-3  0.341 0.490 0.446 0.465 SOM removal only
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For each model layer, the PG-TL model used the layer-averaged soil index properties summarized
in Table 1 to estimate the VG parameters and generate the corresponding site-specific SFC
parameterization. Laboratory SFC measurements are available only for permafrost core samples
collected from approximately 0.2 to 1.7 m depth near Utqgiagvik, Alaska (Wang et al. 2026).
These SFC measurements are used to assess the SFC curves prediction. The comparison
in Figure 5 shows that the PG-TL predictions are generally consistent with the laboratory
measurements. Shallow permafrost at 60-80 cm depth exhibits slightly higher 6,., consistent with
their relatively higher organic matter content. Permafrost at 150 cm depth has lower ice content
and reduced porosity, while pore-water salinity reaches approximately 0.14 mol/L. The elevated
solute concentration depresses the freezing point and increases the residual unfrozen water,

which is reflected in the fitted PG-TL parameters by decreased a.,,, o, and n, and increased 6,
(Figure 5).
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FI1GURE 5. Comparison of predicted and measured SFCs of permafrost samples
in Utqiagvik, Alaska at depths of (a) 60 cm, (b) 70 cm, (c) 80 c¢m, and (d) 150
cm.

Model performance under the undisturbed baseline scenario was first evaluated against borehole
temperature observations at 0.15 and 1.5 m depths (Nicolsky and Wright 2024, 2025) (Figure 6).
Annual active layer thickness (ALT) observations from two nearby CALM sites in Utqiagvik



(Ul and U2, both at 71.317°N, 156.6°W) were averaged to provide a validation against the
simulated annual maximum thaw front (CALM 2024). The thaw front was defined based on
liquid-water fraction; and a layer was considered thawed when 6,,/6:,: > 0.95. The thaw front
was taken as the deepest layer meeting this criterion. Figure 7 shows the evolution of thermal,
hydraulic, and chemical fields in Scenario 0, which serves as a reference case for evaluating the

perturbation responses in Scenarios 1 to 3. Only the top 2-m profiles are shown due to the lack

PG-

TL PARAMETERIZATION FOR SALINE PERMAFROST

of variations beneath 2 m.

F1GURE 6. Validation of simulated permafrost thermal regime in Utqiagvik,
Alaska at (a) 0.15 m and (b) 1.5 m depths, with observations from Nicolsky
and Wright (2024, 2025). (c) Simulated annual maximum thaw front compared
with regional active-layer-thickness measurements from CALM network (CALM

2024).

The perturbation scenarios are compared in Figure 8. The upper panels show the time-depth
evolution of NaCl-equivalent dissolved salt volume fraction g4 4iss under salt intrusion
(Scenario 1) and under combined salt intrusion and organic-layer removal (Scenario 2). The

vertical dashed line in Scenario 2 in Figure 8 (a) marks the onset of organic-layer removal at

10
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FIGURE 7. Three-year simulated time—depth evolution of (a) ground tempera-
ture, (b) liquid water content, (c) ice content, and (d) NaCl-equivalent dissolved
salt volume fraction sq¢, ¢iss from the 1D borehole model in Utgiagvik, Alaska
for Scenario 0.

the beginning of the second simulation year. Figure 8 (c¢) and (d) summarize the resulting
thaw-front evolution and the ground temperature response at 1 m depth for all four scenarios,

including the undisturbed baseline.

The four simulated scenarios produced distinct active layer responses (Figure 8, Table 2). In
2022, all cases had the same maximum thaw depth of 0.3405 m because the imposed disturbances
had not yet substantially affected the thawing front. Salt infiltration was also limited during the
first winter, as ice formation reduced liquid saturation and suppressed hydraulic conductivity.
Differences of thaw depth became more pronounced in 2024 and persisted into 2025. Salt
intrusion (Scenario 1) produced a moderate increase in the maximum thaw depth, from 0.3837
t0 0.4148 m in 2024 and from 0.3651 to 0.3898 m in 2025, corresponding to increases of 8.1%
and 6.8% relative to the baseline scenario. Organic-layer removal produced a larger simulated
response (Scenario 3), with thaw depths of 0.4461 m in 2024 and 0.4649 m in 2025, 16.3%
and 27.3% above the baseline, respectively. The combined disturbance (Scenario 2) resulted in
the deepest simulated thaw front, reaching 0.4883 m in 2024 and 0.4904 m in 2025, equivalent
to increases of 27.3% and 34.3%, respectively. These THC simulation results suggest that
organic-layer removal mainly affects the depth of seasonal heat penetration, whereas salinization
affects the persistence of liquid water under subzero conditions. The combined response appears

approximately additive over the simulated period.
The simulated 1D distributions of T', 6., and 05411.4is in Figure 8 (c), (d) illustrate the interactions
of thermal, hydraulic, and solute fields within the active layer. Two dates were selected, 2024-

12-31 near the deep-winter minimum thaw depth and 2025-09-13 at the maximum thaw depth.
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FiGURE 8. Simulated salinity redistribution, thaw-front evolution, and sea-
sonal profile responses of the 1D borehole model at Utqiagvik, Alaska, under
disturbance scenarios. (a) Time-depth evolution of NaCl-equivalent dissolved
salt volume fraction under Scenario 1 (salt intrusion only; left) and Scenario 2
(salt intrusion followed by SOM removal; right). (b) Thaw-front evolution for
Scenarios 0-3. (c) Profiles of temperature, UWC, and dissolved salt volume
fraction on the 2025 maximum-thaw day. (d) Corresponding profiles on a

representative 2024 winter day.
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Organic-layer removal dominated the thermal response in both seasons. Scenarios 2 and 3 were
warmer in summer and colder in winter than the organic-retained scenarios throughout the
upper 1 m, by approximately 1.5 °C at 0.25 m in December. The organic layer therefore acts
as a bidirectional insulator against both summer heat and winter cold. During the freezing
period, UWC decreased in response to the colder thermal state caused by organic-layer removal,
with 6, reduced by approximately 1-3% relative to the organic-retained scenarios. During
the thawing period, dissolved salt increased with depth in the upper 0.5 m, consistent with
downward infiltration from the surface reservoir. In winter, the elevated salt concentrated in
near 0.25 m. This pattern is consistent with salt exclusion at advancing freezing fronts and the
upward migration of solutes with capillary water during freeze-up (Brouchkov 2003; Wan et al.
2019).

5.3. Limitations and further improvements

Several limitations of the present study should be noted and considered for future work. First,
available SFC measurements remain limited for complex geotechnical environments where
salinity, soil texture, and organic matter must be considered together. This limitation is
particularly important for organic-rich and saline frozen soils, where direct measurements
are still sparse. The compiled data are also largely based on laboratory-characterized soils.
They may therefore underrepresent intact field fabric, cryostructure, and in situ pore-scale
heterogeneity. Future work should expand the SFC database with samples collected from
instrumented boreholes, cryostructure-characterized samples, and targeted SFC measurements
on underrepresented frozen soil types. In addition, hydraulic conductivity was estimated using
the Mualem—van Genuchten relation; validation of this relation for frozen saline soils against
direct hydraulic conductivity measurements is beyond the scope of this study. For samples
with reported pore-water solution, sodium and chloride were the dominant ions. Therefore,
salinity was represented using NaCl concentration in the present framework. The model does
not explicitly resolve multi-ion chemistry or ion-specific interactions with mineral and organic

surfaces, which may be important in other chemically complex Arctic and coastal soils.

The 1D THC application does not resolve lateral advective transport, snow-vegetation-
atmosphere feedback, mechanical deformation, and thaw settlement. Extending the simulator
to two- and three-dimensional domains, coupling it with land-surface and mechanical modules,
and representing organic-layer loss as a progressive degradation process would enable more

realistic representation of permafrost evolution under combined disturbances.
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6. Conclusions

This study developed a coupled THC simulation workflow for saline, organic-rich permafrost,
supported by a PG-TL-based SFC parameterization derived from soil index properties. The
transfer learning strategy used a PTF pre-trained on 718 SWCC samples to constrain VG-
parameter estimation and then adapted the learned representation to 290 SFCC samples.
Sample-grouped five-fold cross-validation yielded an out-of-fold R2of 0.873 and an RMSE of
0.054. Controlled comparisons further showed that the PG-TL model reproduced the main
effects of salinity, soil organic matter, specific surface area, and initial saturation on SFC

behavior.

The THC simulations indicate that salt intrusion and organic-layer removal jointly impact
the near-surface hydrothermal state of saline permafrost. Salt intrusion increased unfrozen
water persistence at subzero temperatures, whereas organic-layer removal reduced near-surface
insulation and allowed seasonal heat to penetrate deeper into the subsoil. In the salt-intrusion
scenario, the salinity perturbation remained mainly within the active layer. Its influence
on active layer deepening became more evident in the second simulation year, indicating a
delayed thaw response as seasonal thawing restored liquid-water pathways for salt transport.
Over the three-year simulation period, the effects of salt intrusion and organic-layer removal
appeared approximately additive. By the third summer, the annual maximum active-layer
thickness reached 106.8%, 127.3%, and 134.3% of the undisturbed baseline in the salt-intrusion,

organic-removal, and combined-disturbance scenarios, respectively.

Data Availability

The trained PG-TL model is publicly available on GitHub (https://github.com/xuey61/
pg-tl-sfcc.git). The SWC and SFC databases and site-specific THC simulation data are

available from the corresponding author upon request.
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