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Abstract. Frozen ground , a key indicator of climate change, profoundly influences ecological, hydrological, and carbon flux

processes in cold regions. The

:::::::::
Seasonally

:::::
frozen

::::::
ground

::::::
(SFG)

::
is

:
a
::::::
critical

:::::::::
component

::
of

:::
the

::::::::::
cryosphere,

:::
yet

::
its

:::::::
freezing

::::::::
dynamics

:::
are

:::::
often

::::::::::::
oversimplified

::
in

:::::::::
large-scale

:::::::::
monitoring

::::::::::::::::::::::
frameworks—particularly

::
in

::::::
remote

:::::::
sensing

::::
(RS)

::::
and

::::
land

::::::
surface

:::::::::::::::::
modeling—through

:::
the

:::
use

:::
of

:::::
binary

::::
0◦C

:::::::::
thresholds.

::::
This

::::::::
approach

::::::::
overlooks

:::
the

::::::::
physically

:::::::::
significant

:::::::::::
“transitional”

::::
state

:::::
where

:::::
liquid

:::::
water

:::
and

:::
ice

:::::::
coexist,5

::::::
leading

::
to

:::::::::
systematic

::::::
errors

::
in

::::::::::
quantifying

:::
the

::::::
timing

:::
and

:::::::
duration

:::
of

:::
the

::::::
frozen

::::::
season.

:::
To

::::::
address

::::
this,

:::
we

::::::
recast

:::
the Soil

Freezing Characteristic Curve (SFCC) , which defines the relationship between
::::::::
framework

:::::::
directly

:::
into

:::::::::::::::::::::
permittivity–temperature

:::::
space.

:::
By

::::::::
operating

::
in

::::::::
dielectric

::::::
space,

:::
we

::::::
bypass

:::
the

::::
high

:::::::::
uncertainty

:::::::::
associated

::::
with

:::::::::::
soil-specific liquid water content and

subzero temperatures, provides a framework for understanding soil freezing processes. However, accurately measuring liquid

water content in frozen soils under field conditions remains challenging. We therefore recast an empirical SFCC model into10

permittivity-temperature space and fitted it to in situ
:::::::::
calibrations

::::
and

::::::
enable

::
a
:::::
robust

::::::::::::
categorization

:::
of

::::
soil

:::
into

:::::::::
unfrozen,

:::::::::
transitional,

::::
and

:::::
frozen

::::::
states.

:::
We

::::
fitted

::::
this

:::::
model

::
to

::::::
in-situ measurements from eight monitoring networks (87 sites) spanning

Canadian boreal forests, prairies
:::::
across

::::::::
Canadian

::::::
boreal

:::::
forest,

::::::
prairie, and tundra ecozones, encompassing 96 freezing cycles

measured with three sensor types (HydraProbe, TEROS12, and CS616). Using Bayesian hierarchical partial pooling, we

derived stabilized estimates of key SFCC parameters: the freezing onset temperature (Tf ) and the shape factor
::::::::
transition15

::::::::
sharpness

:
(b), which controls transition sharpness. Network-level Tf ranged from 0.15 to 0.44◦C

:::::
0.44◦C, while b varied

from 0.92 to 3.47 ◦C−1
::::::::
3.47◦C−1, reflecting distinct freezing regimesacross ecozones. During the six-month freezing season

(1 September–1 March), the James Bay (BJ), Montmorency Forest (FM), Chapleau (CP), and La Romaine (LR) networks,

located in eastern boreal forests with thick organic layers and high moisture, remained predominantly unfrozen (70 days)or in

transitional states (110 days) throughout winter despite persistent snow cover (> 90%) and
:
.
:::
We

:::::
found

:::
that

:::
the

::::::::::
transitional

::::
state20

:
is
::
a
::::::::
dominant

:::::::
seasonal

::::::
feature

::
at

:::::
these

::::
sites,

::::::::::
challenging

:::::
binary

::::
0◦C

:::::::::::
assumptions

::::
used

::
in

:::
RS

:::::::::
evaluation.

::
In

::::::::::::
high-moisture

::::
sites

:::::::::::
characterized

::
by

:::::
thick

::::::
organic

::::::::
insulation

:::::
(e.g.,

::::::
within

:::
the

:::::::
observed

::::::
eastern

::::::
boreal

:::::
forest

:::::::::
networks),

:::
this

::::
state

::::::::
persisted

:::
for

::::
over

1



:::
100

:::::::::::::::
days—effectively

:::
the

:::::
entire

:::::::::::::
winter—despite

:::::::::
persistent subzero air temperatures. In contrast,

::::
sites

::
in

:::
the

:::::::
western

::::::
boreal

:::
and

::::::
prairie

::::::::
networks,

::::::
which

::::::::
generally

::::
lack

:::::
thick

::::::
surface

:::::::
organic

:::::
layers

::::
and

::::
have

:::::
lower

::::
soil

::::::::
moisture,

::::::::
exhibited

:::::::
shorter

:::
but

:::
still

:::::::::
significant

:::::::::
transitional

:::::::
periods

:::
(30

:::
and

:::
60

::::
days,

::::::::::::
respectively).

::::
Even

::
in

:
the Trail Valley Creek (TV) and George River (GR)25

networks, located in tundra, exhibited prolonged frozen conditions (115 days) under extreme cold, though GR’s higher moisture

delayed freezing relative to TV under similar air temperature conditions. The Candle Lake (BT)network, located in western

boreal forest, and the Kenaston (KN) network
::::::
extreme

::::
cold

::
of

:::
the

::::::
tundra

:::::::
network

::::
sites,

:::
the

:::::::::
transitional

:::::
phase

::::::::
persisted

:::
for

::::
over

::
40

:::::
days.

:::::
These

:::::
results

:::::::
confirm

:::
that

:::::::
surface

::::::::
insulation

:::
and

:::
soil

::::::::
moisture, located in prairies, showed intermediate responses, with

BT experiencing 90 frozen and 30 transitional days, and KN averaging 70 frozen and 60 transitional days despite comparable air30

temperatures to the eastern boreal networks. These contrasting patterns reflect the combined effects of insulation layer such as

snowpack, vegetation canopy, litter, and organic layers, together with moisturerather than air temperature alone, demonstrating

how ground surface properties modulate soil thermal regimes. This framework provides a reproduciblefield-based approach

to quantify seasonal surface soil freezing processes and a dataset for model and remote sensing evaluation
:::::
govern

:::
the

:::::
SFG

::::::
regime

::
at

:::
the

:::::::
observed

:::::::::
locations,

::::::::
providing

::
a

:::::::::::
reproducible,

::::::::::::::
physically-based

::::::::
reference

:::::::::
framework

:::
for

:::
the

::::
next

:::::::::
generation

:::
of35

::::::::::
freeze–thaw

:::::::
products.

1 Introduction

Frozen ground

:::::::::
Seasonally

:::::
frozen

::::::
ground

::::::
(SFG),

::::::::
affecting

::::
most

::::
land

::::
areas

:::::
above

:::::
45◦N

:::::::
latitude

::::::::::::::::
(Zhang et al., 2003),

:
is defined as a condition

in which pore water (the water inside the soil) turns into ice (Williams and Smith, 1989). Recognized as a key climate change40

indicator by the Environmental Protection Agency (EPA), this phenomenon is widespread and affects most land areas above

45◦N latitude (Zhang et al., 2003). Frozen ground
:
It

:
plays a major role in

::
the

:
land surface energy and water balance, thereby

impacting all
::::::::
impacting ecological, hydrological, pedological, and biological activities in these

:::
and

:::::::::
biological

::::::::
processes

::
in

::::
cold

regions (Ala-Aho et al., 2021; Hayashi, 2013; Ping et al., 2015; Loranty et al., 2018). By affecting hydrological partitioning, it

::::
SFG regulates key processes such as infiltration, percolation, groundwater recharge, water chemistry, runoff characteristics, and45

evapotranspiration (Ala-Aho et al., 2021). Frozen ground
:::
and

::::::
runoff

::::::::::::
characteristics

::::::::::::::::::
(Ala-Aho et al., 2021).

::::::::::::
Furthermore,

::::
SFG

impacts soil respiration,
::
—the primary pathway of carbon emissions to the atmosphere, as it

:::
—as

::::::::
microbial

:::::::
activity is largely

regulated by soil temperature and water content (Davidson and Janssens, 2006; Lei et al., 2022; Nikrad et al., 2016; Arndt et al., 2023; Azizi-Rad et al., 2022; Mikan et al., 2002; Mavrovic et al., 2023)

:::::
liquid

::::
water

::::::::::
availability

::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Davidson and Janssens, 2006; Lei et al., 2022; Nikrad et al., 2016; Arndt et al., 2023; Azizi-Rad et al., 2022; Mikan et al., 2002; Mavrovic et al., 2023)

. Therefore, understanding frozen ground—its
::::::::
accurately

::::::::::
quantifying

:::
the timing, extent, and duration —

::
of

::::
SFG is critical for50

tracking climate change impacts
::::::::::::
environmental

::::
shifts

:
and predicting changes in these vital environmental

::::::::
ecosystem

:
processes.

Beyond air temperature, which governs convective heat loss, soil freezing is primarily regulated by ground surface cover

including snowpack, vegetation canopy and litter, moss, and organic (humus) layers as well as by soil moisture (MacKinney, 1929)

. Collectively, ground surface cover act as a thermal buffer, moderating soil–atmosphere heat exchange, conserving water , and

reducing frost penetration (Fu et al., 2018). The insulating influence of snow, vegetation, litter, moss, and organic layers on55
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soil temperature
:
A

::::::::
common

:::::::
approach

:::
to

:::::::::
monitoring

::::
SFG

::
is

:::
the

:::
use

::
of

::
a

::::::::
simplistic

::::::::::
temperature

:::::::::::::::::
threshold—typically

::::::::
0� C—to

:::::::::
distinguish

:::::::
between

::::::
frozen

:::
and

::::::::
unfrozen

::::::
states.

::::::::
However,

:::
this

::::::
binary

:::::::::::
classi�cation

::::
fails

::
to

:::::::
capture

:::
the

:::::::::
physically

:::::::::
signi�cant

:::::::::::
“transitional”

:::::
phase

:::::
where

:::::
liquid

:::::
water andmoistureretentioniswell documented(Zhang, 2005; Decker et al., 2003; Flerchinger and Pierson, 1991; MacKinney, 1929; Gornall et al., 2007; Park et al., 2018; Lawrence et al., 2008; Oogathoo et al., 2022; Domine et al., 2021)

. Meanwhile,soil moistureexertsa dualcontrol: its latentheatdelaysfreezingonset,whereasice formationincreasesthermal

conductivityandacceleratessubsequentcooling(Kersten, 1949; Lei et al., 2020).60

The Soil Freezing/Thawing
::
ice

:::::::
coexist.

::::
This

:::::::::
limitation

::
is

::::::::::
particularly

::::::::
prevalent

::
in

:::
the

::::::
remote

:::::::
sensing

::::
(RS)

:::::::::::
community;

::::
many

:::::::::::
freeze–thaw

:::::
(FT)

::::::
studies,

:::::::
ranging

:::::
from

:::::::::::
foundational

:::::
work

:::::::::::::::::::::::::::::::::::::::
(Kim et al., 2011; Zhang and Armstrong, 2001)

::
to

::::::
recent

::::::::::
applications

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Donahue et al., 2023; Taghipourjavi et al., 2024; Gao et al., 2020; Kou et al., 2017; Roy et al., 2020; ?)

:
,
::::
rely

:::
on

:::
0� C

::::
soil

:::
or

:::
air

::::::::::
temperature

:::::::::
thresholds

:::
for

::::::
model

:::::::
training

::::
and

::::::::::
evaluation.

:::
By

:::::::::
neglecting

:::
the

::::::::
partially

::::::
frozen

:::::
state,

:::::
these

::::::
models

::::
may

:::::::::::
misrepresent

:::
the

::::::
timing

::::
and

:::::::
duration

:::
of

:::
the

::::::
frozen

::::::
season.

:::::
Only

:::::::
recently

:::::
have

::::::::::
researchers

:::::
begun

::::::::::
integrating65

:::
soil

::::::::
moisture

:::
and

::::::::::
temperature

:::::::::
dynamics

:::
via

:::
the

::::
Soil

:::::::
Freezing

:
Characteristic Curve (SFCC/STCC), which )

::::
into

:::
FT

::::::
model

::::::::
evaluation

::::::::::::::::::::
(Rautiainen et al., 2025)

:
.
::::
The

:::::
SFCC

:
de�nes the relationship between liquid water content (� lw ::

� lw) and subzero

temperatures (Spaans and Baker, 1996; Koopmans and Miller, 1966),offers
::::::
offering

:
a framework for capturing the complexities

of the soil freezingand thawing process(Pardo Lara et al., 2020). A typical SFCC/STCC(Fig. 1) consistsof threezones

(Zhang et al., 2019). Zone1,calledthe“
::::::
process

:::::
across

:::::
three

::::::
distinct

:::::
zones:

:::
the

:
unfrozen zone,” occurswhenthesoil temperature70

is abovethe freezingpoint. In this zone,theporewatercontentremainsalmostconstant,regardlessof temperaturechanges.

Zone2, which startsimmediatelyafter the freezingpoint ( Tf ), is the “transitionalzone.”Here,thereis a sharpdecreasein

porewatercontentas the soil-watersystemreachesa balancebetween� lw , and ice. Zone3 beginsat the soil temperature

wherethe � lw stabilizes,referredto asTres (Kozlowski, 2007; Chen et al., 2021). In this zone, bothbulk andcapillarywater

contentdrop to zero,andthe remainingwaterexistsasa thin �lm boundto soil particles,commonlycalledunfreezableor75

boundwater(Chen et al., 2021).Thepresenceandbehaviorof � lw , andconsequentlythe shapeof the SFCC,are in�uenced

by numerousinterrelatedfactors,includingsoil mineralcomposition,particlesize,plasticity,initial watercontent,dry density,

soluteconcentration,freezingrate,con�ning stress,andfreeze-thawhistory(Chai et al., 2018; Bi et al., 2023a, b, and references therein)

. TheTf decreasesasinitial watercontentdecreases.Forexample,Zhang et al. (2019)foundthatdecreasingsoil watercontent

from 37.60%to 14.52%loweredTf from �0:06 � C to �0:75 � C.Soil texturealsoin�uencestheSFCC.Fine-grainedsoilsshow80

greaterfreezingpointdepressionandgradualchangesin � lw , while coarse-grainedsoilsexhibit rapidwaterlossduringfreezing

(Tian et al., 2014; Zhang et al., 2019; Bi et al., 2023b). Additionally, thefreezingrate,by alteringporeiceformationdynamics,

solutedistribution,andice grain size,canaffect both the slopeandcurvatureof the SFCC(Watanabe and Osada, 2017). To

constructthe SFCC,measurementsof � lw andsoil temperaturearerequired.While measuringsoil temperatureis relatively

straightforward,accuratelyquantifyingthe� lw in frozensoil posessigni�cant challenges,especiallyunder�eld conditions.The85

hysteresisbetweenSFCCandSTCChasbeenwidelydocumented,particularlyunderlaboratoryconditions(Wu et al., 2017; Mavrovic et al., 2020; Pardo Lara et al., 2020)

. In situ studies,suchas Tomaškovi�cová and Ingeman-Nielsen (2024), reportedapproximately10% higher unfrozenwater

contentduring freezingthanduring thawingat equivalenttemperaturesundersaturated,�ne-grainedpermafrostconditions,

re�ecting latent heateffects,cryosuction,and slow pore-waterredistribution.Similarly, Overduin et al. (2006)documented

asymmetricfreezing–thawingtransitionsin saturatedsilty clayscausedby latentheatandmoisturemigration.By contrast,90
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Figure 1. A typical Soil Freezing/Thawing Characteristic Curve (SFCC/STCC), adapted from Zhang et al. (2019). Tf marks the temperature

at which soil begins to freeze, while Tres indicates the temperature at which the liquid water content stabilizes, nearlyequalto
:::
near

:
the

residual water content.

near-surface
::
the

::::::::::
transitional

::::
zone,non-permafrostmeasurementsfound hysteresisto be theoreticallyexpectedbut generally

weakor indistinguishable(Pardo Lara et al., 2020).
:::
and

:::
the

:::::::
residual

:::::
zone

::::
(Fig.

:::
1,

:::
see

:::::::::::::
Supplementary

:::::::
Material

:::::
Sect.

:::
S1

:::
for

:::::
further

:::::::
details).

:

Dielectric-based methods, suchasTimeDomainRe�ectometry,Capacitance,andImpedancetechniques,are widely used to

estimate �lw dueto theirability toprovidecontinuous,non-destructivein situmeasurements(Seyfried and Murdock, 1996; Michael W Smith and Tice, 1988)95

. Thesemethodsexploit
::
by

:::::::::
exploiting the high permittivity contrast between liquid water ("lw � 80) andothersoil components—air

("air � 1)and soil minerals(,
::::

soil
::::::::
minerals

:
(" soil � 5) —allowing for ef�cient estimationof � lw . Typically, physically based

models,suchasdielectricmixing models,or empiricalmodelsareemployedto relatesoil effective(bulk ) ,
:::
and

:::
ice

::::::::::
(" ice � 3:2)

::::::::::::::::::::::::::::::::::::::::::::::::::::
(Seyfried and Murdock, 1996; Michael W Smith and Tice, 1988).

::::::::
However,

:::::::
relating

::::
bulk permittivity ("eff) , measuredbydielectric

probes—whichrepresentsthecombineddielectricresponseof soil components—to �lw . However,relating"eff to � lw in frozen100

soils remains challenging. Dielectric mixing models require accurate ice content estimates, which are dif�cult to obtain in situ,

oftenleadingtooverestimationsof � lw whentheicecomponentisneglected(Amankwah et al., 2022; Zhou et al., 2014; He and Dyck, 2013)

. This overestimationoccursbecausefrozen soils, at identical liquid water contents,exhibit a higher "eff than unfrozen

soils due to the higherpermittivity of ice (" ice � 3:2) comparedto air ("air � 1) (Spaans and Baker, 1995). Similarly,
:::::
while

empirical models often rely on calibrations developed for unfrozen soils, limiting their applicability to frozen conditions105

(Yoshikawa and Overduin, 2005; He and Dyck, 2013). Calibrationequationsspeci�cally developedfor frozensoils areoften
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restrictedto saturatedsoils (Michael W Smith and Tice, 1988)or speci�c soil types,requiringprior knowledgeof the soil's

totalwatercontentbeforefreezing(Spaans and Baker, 1995)
:::
that

::
do

:::
not

:::::::
account

:::
for

:::
the

:::::::
dielectric

::::::::::
contribution

:::
of

::
ice

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Amankwah et al., 2022; Zhou et al., 2014; Yoshikawa and Overduin, 2005)

. These limitations make constructingtheSFCCproblematic, particularly
:
a
:::::::::
traditional

:::::::::::::
moisture-based

:::::
SFCC

:::::::::::
problematic in

dynamic �eld environments.
:::
(see

:::::::::::::
Supplementary

:::::::
Material

:::::
Sect.

::
S2

:::
for

::::::
further

:::::::
details). To address this, weconstructed

:::::
recast110

the SFCC directlyin permittivity–temperaturespace,bypassingtheneedto estimate� lw::::
into

::::::::::::::::::::
permittivity–temperature

::::::
space.

::::
This

:::::::::::
demonstrates

::::
that

:::
for

:::::::::
qualitative

::::
state

::::::::::::
classi�cation

:::::::
(frozen,

::::::::::
transitional,

::
or

:::::::::
unfrozen),

::::
the

::::::::::
problematic

:::::::::
conversion

:::
of

:::::::::::
permittivities

:::
into

:::::
water

:::::::
content

:
is

:::::::::
effectively

:::::::::::
unnecessary.

::::::
Beyond

:::
air

::::::::::
temperature,

::::
soil

:::::::
freezing

::
is

::::::::
primarily

:::::::
regulated

:::
by

::::::
surface

:::::::::::::::
cover—including

:::::::::
snowpack,

:::::::::
vegetation,

:::
and

:::::::
organic

:::::::
(humus)

:::::::::
layers—as

::::
well

::
as

:::
soil

::::::::
moisture

::::::::::::::::
(MacKinney, 1929)

:
.

::::::::::
Collectively,

::::::
surface

:::::
cover

::::
acts

::
as

::
a

::::::
thermal

::::::
buffer,

::::::::::
moderating115

:::::::::::::
soil–atmosphere

::::
heat

::::::::
exchange

:::
and

::::::::
reducing

::::
frost

::::::::::
penetration

::::::::::::::::::::::::::::::::::::::::
(Fu et al., 2018; Zhang, 2005; Decker et al., 2003)

:
.

::::::::::
Meanwhile,

:::
soil

::::::::
moisture

:::::
exerts

::
a

::::
dual

:::::::
control:

:::::
latent

:::::
heat

::::::
delays

:::::::
freezing

:::::
onset,

::::::
while

:::
ice

:::::::::
formation

::::::::
increases

:::::::
thermal

:::::::::::
conductivity,

::::::::::
accelerating

:::::::::
subsequent

:::::::
cooling

::::::::::::::::::::::::::
(Kersten, 1949; Lei et al., 2020).

:

In this study, we apply the SFCCdirectly in permittivity–temperature
:::::::::
framework

::
in

:::::::::::::::::::::
permittivity–temperature

:
space to

monitorseasonallyfrozenground
::::
SFG across 87 sites in eight Canadian monitoring networks spanning borealforests,prairies

:::::
forest,120

:::::
prairie, and tundra ecozones, with temporalcoveragerangingfrom one to multiple years. Using measurements from three

widely deployedsensor types (HydraProbe, TEROS12, and CS616), we derivehourlysoil freezing probabilities and investigate

how freezing dynamics vary acrossnetworks.
::::::
distinct

::::::::::
landscapes.

::::
This

:::::::::
framework

:::::::::
establishes

::
a

:::::::::::
reproducible

:::::::::::
methodology

::
to

:::::
bridge

:::
the

::::
gap

:::::::
between

::
in

::::
situ

::::::::::
monitoring

:::
and

:::
the

:::::::::
validation

:::::::::::
requirements

:::
of

:::
the

:::
RS

::::::::::
community.

:::::::::::
Furthermore,

:::
the

:::::::
dataset

::::::::
generated

::::::
through

::::
this

:::::::
analysis

::
is

::::::
directly

:::::::::
applicable

:::
for

:::
the

:::::::
training,

:::::::::
evaluation,

:::
and

:::::::::
re�nement

:::
of

::::::::::::
satellite-based

::::::::::
freeze–thaw125

:::::::::
algorithms

:::
and

::::
land

::::::
surface

:::::::
models.

2 Materials and Methods

2.1 Data Collection

2.1.1 In Situ Soil Measurements

This study leverages in situ measurements of "eff and soil temperature to monitor the soil freezing processes. Our research130

spans eight networks located in diverse ecozones (Table 1 and Fig. 2), including Montmorency Forest (FM), La Romaine

(LR), James Bay (BJ), Chapleau (CP) in eastern boreal forests, Candle Lake (BT) in western boreal forest, Kenaston (KN)

in prairies, and Trail Valley Creek (TV) and George River (GR) in tundra. Three types of soil moisture sensors—HydraProbe

(Stevens Water), TEROS12 (METER Group), and CS616 (Campbell Scienti�c)—were deployed based on availability across

the monitoring networks. HydraProbe and TEROS12 simultaneously measure soil temperature and moisture, whereas the135

CS616 requires a separate soil temperature sensor (CS109SS-L) for temperature measurements. We provided an overview of

these sensors, including their measurement principles and operational speci�cs, in Appendix A. At most sites, soil moisture

probes were horizontally inserted to a depth of 5 cm, primarily within the organic layer unless it was notably thin, in which
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Table 1. Summary of soil moisture sensor deployment across our networks

Ecozone Network Name Sensor Type† Sensor Depth (cm) Number of Sites (Probes) Temporal Coverage

Eastern boreal forest

James Bay TEROS 12 5 9 (9) 2020-08 to 2022-06

Montmorency Forest TEROS 12 5 10 (10) 2020-10 to 2024-06

La Romaine TEROS 12 5 3 (3) 2022-08 to 2023-07

Chapleau CS616 0–10† 4 (24) 2017-08 to 2022-06

Western boreal forest Candle Lake HydraProbe 5 17 (17) 2022-08 to 2023-05

Prairies Kenaston HydraProbe 5 37 (37) 2014-08 to 2018-06

Tundra
Trail Valley Creek HydraProbe 5 6 (12) 2018-09 to 2019-03

George River TEROS 12 5 1 (1) 2022-09 to 2023-07

† All sensors include built-in soil temperature measurement, except the CS616, which requires a separate soil temperature sensor (CS109SS-L).

† The CS616 is angled at 20� , measuring the top 10 cm of soil with a midpoint at 5 cm.

case measurements extended into the mineral layer. For the TEROS12 and HydraProbe, insertion was horizontal at this depth.

In the Chapleau network, the CS616, with its 30 cm needle, was inserted at a 20� angle to integrate measurements over the top140

10 cm of soil, with the midpoint depth set at 5 cm, thereby ensuring comparability with other sites (Fig. A1). Each site typically

features a single sensor, except for Chapleau and Trail Valley Creek. Chapleau includes 24 CS616 sensors distributed across

four 200 � 200 m plots, each representing a different forest type (Hanes et al., 2023). Since only one soil temperature sensor

was available in the middle of each plot, data from multiple CS616 sensors were averaged to represent the soil conditions of

that plot. At Trail Valley Creek, 12 HydraProbes were distributed across six sites (Montpetit et al., 2024, 2025), and data from145

each sensor were analyzed separately. Site- and sensor-speci�c calibration was not performed prior to installation; however,

the use of manufacturer speci�cations and previously published validation studies provides con�dence in the measurement

accuracy of the deployed sensors within their expected uncertainty ranges (Seyfried and Murdock, 2004; Pardo Lara et al.,

2021; Kelleners et al., 2005; Logsdon, 2009; Cominelli et al., 2024; Fragkos et al., 2024). A general quality control procedure

was applied by removing physically implausible values, de�ned as soil temperatures outside the range of �60 to 60� C and150

permittivity values outside the range of 1 to 90. All in situ measurements were then subjected to a standardized preprocessing

work�ow. Data were resampled to a uniform hourly resolution, and a continuous time index was constructed to ensure temporal

consistency. Missing values were �lled using linear interpolation; however, interpolated values were used solely for categorical

soil state labeling and were excluded from all curve-�tting analyses to preserve the integrity of model-derived parameters.

The distribution of sites within each network is strategically designed to capture the ecological diversity and maximize spatial155

variability, in�uenced by the challenging terrain and limited accessibility of the network areas. Detailed characteristics for each

site—including geographic coordinates, soil textural composition (clay, sand, and silt percentages), organic content, speci�c

soil types, elevation and strati�cation of soil layers—are available through an interactive map hosted in a GitHub repository

(Soil-Temperature-Permittivity-Monitoring-Sites) (Salmabadi et al., 2025).
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Figure 2. Geographic distribution of monitoring networks across Canadian landscapes. The land cover map is adapted from Latifovic (2019).

2.1.2 Ancillary Data160

Air temperature data were obtained from the ERA5-Land reanalysis developed by the European Centre for Medium-Range

Weather Forecasts (ECMWF; (C3S, 2018)). ERA5-Land provides hourly 2 m air temperature at 0:25� spatial resolution and

assimilates global observations within a physics-based numerical model to produce a consistent reanalysis extending from

1940 to the present. Snow cover data were derived from the Interactive Multisensor Snow and Ice Mapping System (IMS)

produced by the U.S. National Ice Center (U.S. National Ice Center, 2004), which provides daily binary snow-cover maps165

for the Northern Hemisphere at 4 km resolution since 2004. The IMS product integrates multisensor satellite imagery and in

situ observations. For each study site, snow-cover and air-temperature values were extracted from the corresponding IMS and

ERA5-Land grid cells.
:::
Soil

::::::
texture

:::
and

:::::::
organic

::::::
carbon

::::
were

:::::::
obtained

:::::
from

:::
the

:::
100

::
m

:::
soil

:::::::::
landscape

::::
grids

::
of

:::::::
Canada

::::::::
(CanSIS;

:::::::::::::::
(Geng et al., 2025)

:
).

::::
This

::::::
dataset

:::::::
provides

::::
soil

:::::::
attributes

::
at

::::::
100 m

::::::::
resolution

:::::
using

::::::::::::::::::::
machine-learning-based

::::::::
predictive

::::::::
mapping.

:::
For

:::
this

:::::
study,

:::
we

::::::::
extracted

::::::
values

:::::::::
speci�cally

:::
for

:::
the

::::::
0–5 cm

:::::
depth

:::::::
interval

::
at

::::
each

::::
site.170

2.2 Data Preprocessing

The data preprocessing stage began by converting the raw outputs of the sensors into "eff for the bulk soil. This process varied

depending on the sensor type, as each sensor produced different raw outputs. Detailed explanations of these sensor-speci�c
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preprocessing steps are provided in Appendix A. Next, we identi�ed freezing and thawing cycles based on trends in soil

temperature and "eff. A freezing cycle was de�ned as the period when soil temperature started decreasing and reached its175

minimum, while a thawing cycle extended from this minimum until temperatures rose above zero. This approach aimed to

capture the main freezing and thawing events while excluding minor �uctuations, where temperatures brie�y rose above or

fell below zero within a narrow range, resulting in incomplete or transient freezing or thawing. Speci�cally, any �uctuations

within �2� T of 0� C, where �T represents the instrument-speci�c temperature uncertainty, were ignored (see Appendix A for

details on sensor uncertainty). If, during a freezing cycle, the soil temperature never dropped below the ��T threshold and "eff180

remained relatively unchanged, we classi�ed these sites as never frozen. Although curve �tting was not feasible for these cycles

due to insuf�cient data in Zones 2 and 3, they were retained for subsequent analysis of freeze monitoring across our networks.

We assumed that the total water content in the system remained equal to the initial water content and did not change during

the freezing or thawing processes (He and Dyck, 2013). We monitored "eff throughout both freezing and thawing cycles to

validate this assumption. We interpreted signi�cant, sudden surges in "eff as indicators of additional water entering the system,185

violating this assumption. Consequently, we excluded such cycles from further analysis. While this assumption generally held

during freezing cycles, it was often invalid during thawing cycles, primarily due to snowmelt introducing substantial amounts

of water into the soil. As a result, the SFCC could be reliably constructed for freezing cycles, but constructing the STCC

from in situ measurements during thawing cycles was not feasible. Therefore, in this study we focused exclusively on freezing

cycles, excluding thawing cycles from further analysis.190

The �nal step in the preprocessing of in situ data involved ensuring a balanced dataset to prevent over�tting during the

curve-�tting process. In practice, the distribution of data across temperature ranges was often uneven, which could bias the

�tting process. We averaged "eff values within a 0:1� C temperature range to address this imbalance, corresponding to the

sensors' temperature resolution. This approach not only compensated for the uneven distribution but also reduced noise caused

by diurnal temperature �uctuations. Such �uctuations, while absent in controlled laboratory settings, were common in in situ195

environments.

2.3 Data Processing

2.3.1 SFCC Model

In this study, we applied the theoretical model introduced by Bai et al. to construct the SFCC, which estimates liquid water

content as a function of soil temperature:200

� lw =

8
><

>:

(� int � � res)eb(T soil�T f ) + � res if Tsoil < T f

� int if Tsoil � T f

(1)
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where �lw , � int, and �res represent the liquid, total (initial water content prior to freezing), and residual water content,

respectively. Tsoil is the soil temperature, Tf is the freezing onset temperature, and b controls the transition sharpness, representing

the shape factor of the distribution function (� C�1 ).

The relationship between the "eff and �lw can be physically derived using mixing models (Amankwah et al., 2022; Kelleners205

and Norton, 2012; Roth et al., 1990), which express effective (bulk) permittivity as a volume-weighted average of soil components:

" �
eff = � lw " �

lw + � ice" �
ice + (n � � lw � � ice)" �

air + (1 � n)" �
soil (2)

where n represents the soil porosity, and "eff, "soil, " lw , " ice, and "air are the relative dielectric permittivities (dimensionless)

of bulk soil, soil solids, liquid water, ice, and air, respectively. The parameter � depends on soil structure and composition,

ranging from -1 (parallel arrangement) to 1 (series arrangement), with � 6= 0 (Amankwah et al., 2022). Solving for �lw gives:210

� lw =
" �

eff � (1 � n)" �
soil � n" �

air � � ice(" �
ice � " �

air)
" �

lw � " �
air

(3)

This equation de�nes the relationship between �lw and "eff, where "air, " lw , and "ice are known constants with minimal

temperature dependence, while n, �, and "soil vary with soil composition and structure and are treated as unknowns. We

modi�ed the model by Bai et al. (2018) (Eq. 1) by incorporating Eq. (3) to implement the SFCC in permittivity-temperature

space. The detailed solution process is presented in Appendix B. The modi�ed equation is:215

"eff(T ) =

8
><

>:

�
(" �

int � " �
res)eb(T soil�T f ) + " �

res

� 1
� if T < T f

" int if T � T f

(4)

Here, "int represents the pre-freezing "eff, corresponding to the system's total water content, which is assumed to approximate

the initial water content (He and Dyck, 2013). "res is the "eff associated with the residual water content. The parameter �, as

mentioned earlier, is an exponent that depends on the soil structure and composition. In short, by incorporating a dielectric

mixing model into the Bai et al.'s model, we formulated the SFCC in the permittivity–temperature space, where "eff is expressed220

as a function of soil temperature through parameters b (1=� C), Tf , " int, and "res, derived via curve �tting.

2.3.2 SFCC Model Fitting and Parameter Estimation

To derive the model parameters—"int; " res;b;and Tf—and construct the SFCC, we applied a systematic data processing and

curve-�tting approach tailored to our SFCC model (Eq. 4). We used non-linear least squares optimization with initial guesses

and parameter bounds. The curve �tting was conducted using the curve_�t function from the SciPy library (version 1.13.1)225

in Python (Virtanen et al., 2020), employing the Trust Region Re�ective (TRF) algorithm, which optimizes parameter values

while keeping them within prede�ned bounds. Since the �tting is performed independently for each site and cycle, variations in
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absolute "eff values, caused by differences in probe operating frequencies—due to the frequency-dependent dielectric properties

of water and bulk soil—do not affect soil state monitoring.

To ensure that the data used for model �tting primarily re�ect the freezing process, we included only measurements where230

Tsoil � 2 � C, capturing temperatures where freezing processes are actively occurring. During initial analyses, �, the exponent

representing soil structure in the dielectric mixing model (Eq. 3), consistently converged to boundary values without improving

model �t, indicating low sensitivity. This issue likely stems from eliminating parameter B when deriving the SFCC model from

Bai et al. (2018)'s framework (Eq. B17). This reduction decreases the model's dependence on soil parameters such as porosity

and soil solid permittivity, both of which in�uence �. To enhance model stability and interpretability, we �xed � at 0:5, a235

commonly used value (Pardo Lara et al., 2020; Seyfried et al., 2005). We set the lower bound of "resat 1, the lowest measurable

probe range, and constrained the upper bound to remain below "int to prevent unrealistic values. The initial effective permittivity,

" int, representing pre-freezing soil permittivity, was initialized as the mean "eff within � T
� C � T soil � 2 � C, where �T represents

the instrument-speci�c temperature uncertainty (see Appendix A for details on sensor uncertainty). This range ensures that

mainly unfrozen-state data (Zone 1) contribute to the estimate, accounting for sensor uncertainty. The bounds for "int were240

set as the observed minimum and maximum "eff within this range. The exponential constant b, which controls the transition

from " int to "res, was initialized at 1:0, with a lower bound of 0:1 to prevent overly gradual transitions and no upper bound. For

the Tf , we allowed values up to +1� C to accommodate known measurement biases and sensor discrepancies. For instance,

Pardo Lara et al. (2020, 2021) suggested that dielectric sensors may detect permittivity changes indicative of freezing before

thermistors register subzero temperatures, likely due to differences in placement, thermal inertia, or measurement volume.245

These discrepancies can cause Tf to register as slightly positive.

To assess the robustness and uncertainty of �tted parameters ("int; " res;b;Tf ), we applied bootstrapping, resampling in situ

soil temperature and "eff data 1;000 times. To ensure representative selection across temperature ranges, we divided the data into

blocks and resampled within each block with replacement. This approach preserved the natural distribution of "eff across the

soil temperature range while introducing variability across iterations. The resulting bootstrapped parameter distributions were250

used to compute mean values and standard deviations. Subsequently, a Monte Carlo framework with N = 15;000 simulations

was employed for each measurement point (i.e., each hourly soil temperature observation). Soil temperature was modeled

as a normal distribution, Tsim � N (T obs; � 2
T ), with sensor-speci�c standard deviations. Each parameter (M)—where M 2

fT f ; " int; " res;bg—was independently sampled from a normal distribution, N (�M ; � 2
M ), where �M and �M were derived from

the bootstrap analysis. Simulations violating physical constraints (i.e., "int < " res) were discarded to maintain physical validity.255

For each valid simulation, the modeled effective permittivity "�tted;i was computed for each realization, and the ensemble mean

was used as the expected effective permittivity," �tted = 1
N

P N
i=1 " �tted;i .

Following parameter estimation, a multi-step �ltering process was applied to ensure the physical validity and reliability of

the �tted SFCCs. Only cycles occurring during fall and winter (1 September–1 March), hereafter referred to as the freezing

season, were retained, while short transient events observed in spring were excluded. The �ltering process removed cycles260

with R2 < 0:6, visually detected anomalies (e.g., irregular water content changes during freezing), and unreliable parameter
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estimates (boundary values for Tf or b, or excessively wide con�dence intervals). Extreme outliers in Tf and b were also

excluded by retaining only the central 95% of the distribution (2:5th–97:5th percentiles).

We applied Bayesian hierarchical partial pooling in PyMC to obtain stabilized estimates of b and Tf across sites and

networks within ecozones. This hierarchical structure allowed information sharing among data-sparse sites and networks,265

reducing uncertainty while preserving genuine spatial differences. For b, we modeled logb with network- and site-level random

intercepts in a non-centered parameterization, using a Student-t likelihood with heteroskedastic scales equal to the bootstrap

standard error (SE) of logb combined with a residual term. For Tf , we used an analogous hierarchy on the original� C scale,

with observation-level SEs and an additional residual variance. Weakly informative Normal priors were assigned to means,

and Half-Student-t priors to variance components. Models were �t using the No-U-Turn Sampler (NUTS), and convergence270

(R̂ � 1:01, high effective sample sizes) and numerical stability (no or rare divergences) were con�rmed. Sampler energy

diagnostics were adequate (E-BFMI � 0:50), and out-of-sample performance was reliable (PSIS-LOO with 100% of points

k̂ � 0:7).
::::::::
Analogous

::::::::::
hierarchical

:::::::
pooling

::::
was

:::::::::
performed

::
at

:::
the

:::::
biome

::::::
levels,

::::
with

:::
the

:::::::
resulting

:::::::::
stabilized

::::::::
estimates

::::::::
presented

::
in

:::::
Tables

:::
S3

:::
and

:::
S4.

:

2.4 Data Postprocessing275

2.4.1 Probability of FrozenGround
:::
SFG

The probability offrozenground
::::
SFG (Pfrozen; hereafter referred to as the freezing probability), which can also be interpreted

as the degree of soil freezing at the network level, was computed by propagating uncertainty from the hierarchical posterior

distributions of Tf and b. For each network, paired posterior samples f(T(s)
f ;b(s) )gS

s=1 were drawn from the PyMC hierarchical

models, where b(s) = exp(b(s)
j ) restores the parameter to its original scale. Soil temperature observations were perturbed280

according to sensor uncertainty, T(s)
sim � N (T obs; � 2

T ), where �T was assigned based on the sensor type. For each posterior

draw, the freezing probability was evaluated using the normalized SFCC, and the results were averaged across all Monte Carlo

samples to obtain the mean freezing probability at each timestamp.

3 Results

3.1 Evaluation of SFCC Fits and Parameter Analysis285

A total of 96 freezing cycles across all networks passed the �ltering criteria and were retained for analysis. The performance

of the SFCC curve-�tting process were evaluated by comparing �tted permittivity values "eff�tted with in situ measurements of

"effobserved (Fig. 3). Goodness of �t was quanti�ed using the coef�cient of determination (R2), root mean square error (RMSE),

and mean absolute error (MAE). Relative RMSE and MAE were normalized by the per-network dynamic range ("effint � " effres;

Table 2). Overall, the SFCC model reproduced the observed permittivity well, achieving a mean R2 of 0:95 and relative RMSE290

and MAE of 5% and 3%, respectively. The best performance was observed in the BT and KN networks (R2 > 0:9; relative
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Figure 3. Comparison of "effobservedand "eff�tted for freezing cycles.

RMSE < 5%), whereas slightly lower �ts (R2 � 0:67) were observed in FM and GR networks, likely re�ecting sparse sampling

of the transitional zone as freezing progressed rapidly.

Table 2. Performance of SFCC curve �tting by network. Relative RMSE and MAE (shown in parentheses) were normalized by the per-

network dynamic range. “Overall (balanced)” represents random subsampling with an equal number of samples per network to mitigate

overrepresentation effects.

Network R 2 RMSE MAE

BJ 0.93 1.20 (7.2%) 0.94 (5.7%)

BT 0.95 0.29 (3.7%) 0.18 (2.3%)

CP 0.82 0.80 (8.6%) 0.61 (6.6%)

FM 0.66 2.34 (11.7%) 1.70 (8.5%)

GR 0.67 2.13 (8.4%) 1.17 (4.6%)

KN 0.95 1.14 (3.8%) 0.71 (2.4%)

LR 0.87 0.43 (7.4%) 0.25 (4.2%)

TV 0.86 2.07 (6.5%) 1.19 (3.8%)

Overall 0.95 1.26 (4.0%) 0.72 (2.3%)

Overall (balanced) 0.89 1.54 (4.9%) 0.86 (2.7%)
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Figure 4. CDFs of residuals across networks (a), showing most residuals are small with steep slopes near zero, indicating minimal bias.

Residuals as a function of soil temperature (b), with random subsampling of an equal number of samples per network for balanced

representation.

Figure 4 presents the cumulative distribution functions (CDFs) of residuals, highlighting key patterns in SFCC curve-�tting

performance across networks and illustrating the residual distributions as a function of soil temperature. Across all networks,295

residuals are smallest at temperatures below Tf , demonstrating the strong ability of the SFCC �tting to reproduce "eff under

stable frozen conditions. Residuals increase near Tf , where sparse data in the transitional zone limits the robustness of the

curve �tting. Above Tf , residuals remain higher than subfreezing conditions, likely re�ecting �uctuations in water content

caused by rainfall, transpiration, or drainage. The CDFs exhibit steep slopes near zero across all networks, indicating minimal

systematic bias and con�rming that most residuals are small, supporting the overall robustness of �tting process. However,300

underprediction and overprediction are evident in the tails of distributions, corresponding to rapid freezing cycles that the

SFCC cannot fully capture.

Figure 5 shows the forest plots of Tf (panel a) and b (panel b) across monitoring networks
:::::::
(Detailed

::::::::::::
network-level

::::
soil

::::::::
properties

::::
and

:::::
mean

:::::
initial

:::::
water

:::::::
contents

::::
are

:::::::
provided

:::
in

:::::
Tables

:::
S1

::::
and

:::
S2

::
of

:::
the

:::::::::::::
Supplementary

::::::::
Material). Black circles

denote cycle-level estimates with 95% con�dence intervals, while red squares represent network-level means. Networks are305

ordered by mean Tf , with sample sizes (N) indicated. To integrate information across sites, networks, and ecozones and

stabilize estimates in data-sparse regions, we applied Bayesian hierarchical (partial-pooling) models for both parameters.

Table 3 reports posterior means and 95% credible intervals for b and Tf under hierarchical partial pooling. Across all N = 96

freezing cycles, b values ranged from 0:14 to 5:25, with most cycle-level estimates falling between 0:6 and 2:1� C �1 . Network-

level posterior means from the hierarchical model ranged from 0:92 to 3:47� C �1 , revealing distinct differences in transition310

sharpness across networks. KN (prairie) and BT (western boreal) exhibited the lowestb̂ (< 1:5), indicating gradual soil

freezing transitions, while all other networks (BJ, CP, FM, LR, GR, TV) showed higherb̂ (> 3), consistent with sharper

phase-change behavior. Posterior credible intervals widened with increasingb̂, re�ecting higher uncertainty in steep, rapidly

changing transitions (Fig. 5). Cycle-level Tf ranged from –0:54� C to 0:85� C, with most estimates between �0:01� C and

0:40 � C. Network-level posterior means were slightly positive (0:15 � 0:44� C). BJ, FM, LR, and CP exhibited the highest315

freezing points (̂Tf �0:40 � C), whereas KN, GR, and TV showed the lowest (T̂f �0:15 � C).
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Figure 5. Forest plots showing the distribution of model parameters across networks: freezing point Tf (a) and shape factor b (b). Squares

indicate network means, and circles represent individual freezing cycles with vertical bars showing 95% con�dence intervals.

Table 3. Posterior means and 95% credible intervals of b and Tf from hierarchical partial pooling across networks.

Network b̂ (� C�1 ) b̂2:5% (� C�1 ) b̂97:5% (� C�1 ) T̂f (� C) T̂f 2:5% (� C) T̂f 97:5% (� C)

TV 2.99 1.77 4.32 0.15 -0.08 0.40

GR 3.14 1.40 5.18 0.17 -0.16 0.54

BT 1.42 0.90 1.99 0.22 -0.02 0.46

BJ 3.26
:::
2.43 1.73

:::
0.88

:
5.00

::::
4.25 0.44 0.13

::::
-0.01

:
0.73

:::
0.88

:

FM 3.47 1.75 5.43 0.40 0.12 0.69

LR 3.45
:::
2.02 1.69

:::
0.74

:
5.57

::::
3.90 0.41

:::
0.28 0.09

::::
-0.11

:
0.74

:::
0.61

:

CP 3.43 1.86 5.27 0.41 0.12 0.67

KN 0.92 0.74 1.09 0.15 0.07 0.24

3.2 Model Application to Field Data

To illustrate the application of our SFCC model (Eq. 4) and its integration with in situ data, we present four example sites from

different networks and ecozones, each representing a distinct freezing regime: EC17 from KN (prairie; Fig. 6), BT17 from BT

(western boreal forest; Fig. 7), BJ01 from BJ (eastern boreal forest; Fig. 8), and GR01 from GR (tundra; Fig. 9). Each example320

includes two panels: panel (a) shows the �tted SFCC overlaid on in situ soil temperature and "eff measurements with Tf

marked; panel (b) presents the corresponding time series of soil temperature, freezing probability, ERA5 air temperature, and

IMS snow cover. To summarize all networks, Fig. 10 displays the monthly mean freezing probability, with monthly mean air
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and soil temperatures overlaid on each tile. To compare networks quantitatively, soil states were classi�ed at hourly resolution

as frozen if Pfrozen > 0:75, unfrozen if Pfrozen < 10 �6 , and transitional (partially frozen) otherwise. Daily states were assigned325

by majority rule.

BJ, CP, FM, and LR—located in the eastern boreal forest—remained predominantly unfrozen or partially frozen throughout

the freezing season, with no periods of complete freezing despite persistent snow cover (> 90% from December to February)

and subzero air temperatures. Their soils stayed near 0� C, yielding moderate freezing probabilities (Pfrozen � 0:65). For

instance, FM and CP remained partially frozen for approximately 125 days, while BJ and LR showed shorter transitional330

periods (� 100 days) with � 75 unfrozen days. In contrast, BT (western boreal) exhibited extensive freezing from December

onward (90 frozen and 30 transitional days), coinciding with subzero air temperatures and complete snow cover. Tundra

networks (TV, GR) recorded the coldest soil and air temperatures from December to February (soil and air consistently

below �2 � C and �10 � C, respectively) and persistent snow cover (� 100%), resulting in almost continuous frozen conditions

(Pfrozen> 0:95) lasting 135 and 95 days for TV and GR respectively. The KN (prairie) network showed an intermediate335

response: although mean air temperatures (� �3� C) were comparable to eastern forest networks, soil cooling began earlier

(November, Tsoil � 0:9 � C) and remained frozen through February (Pfrozen> 0:9) under shallow or intermittent snow (50 �

95%). On average, about 70 days were classi�ed as frozen and 60 days as transitional at KN. Overall, while all networks

experienced similar subzero air temperatures and persistent snow cover from December to February, only tundra (TV, GR),

western boreal (BT), and prairie (KN) networks exhibited sustained frozen states, whereas eastern forest networks (BJ, CP, LR,340

FM) remained largely in transitional or unfrozen conditions.

4 Discussion

Our results were generally consistent with the physical factorsaffecting SFCCshape,including soil mineral composition,

particle size,plasticity,
:::::
known

::
to

:::::::
govern

:::
the

::::::
SFCC,

::::::::::
particularly

:::
soil

:::::::
texture

:::
and

:
initial water content, dry density,solute

concentration,freezingrate,con�ning stress,andfreeze-thawhistory(Chai et al., 2018; Bi et al., 2023a, b, and references therein)345

. Networks with wetter soils or limited insulating organic layers
::::::::::::::::::::::::::::
(Chai et al., 2018; Bi et al., 2023a).

::::
For

::::::::
instance,

:::
the

::::
KN

:::::::
network,

::::::
which

::::::
features

::::
the

::::::
highest

::::
clay

::::::
content

::::::::
(� 27%),

::::::::
exhibited

:::
the

:::::
most

:::::::
gradual

:::::::
freezing

::::::::
transition

:::::::::
(b � 0:92),

::
a

:::::
result

::::::::
consistent

::::
with

::::
soil

::::::
physics

:::::::::
principles

:::::
where

:::::
small

:::::
pores

:::
and

::::
clay

:::::::
surfaces

::::::
create

:
a

:::::
broad

::::::::::
distribution

::
of

::::::
matric

:::::::
suctions

::::
that

::::
allow

:::::
liquid

:::::
water

::
to

::::::
persist

::
at

::::::::::
temperatures

::::
well

:::::
below

::::
0� C

::::::::::::::::::::::::::::::::::::::::::::
(Tian et al., 2014; Zhang et al., 2019; Bi et al., 2023b).

::::::::::
Conversely,

::
the

::::
GR

::::::::
network,

:::::::::::
characterized

:::
by

::::
high

::::::
initial

:::::
water

:::::::
content

::::::::::::
(VWC � 0:40)

::::
and

::::::
sandy

::::::
texture

:::::::
(> 60%

:::::
sand,

:::::
< 8%

::::::
clay),350

:::::::
exhibited

::
a

:::::
much

:::::::
sharper

::::::::
transition

:::::::::
(b � 3:24)

::::::::::::::::::::::::::::::::::::::::::::
(Tian et al., 2014; Zhang et al., 2019; Bi et al., 2023b).

::
It

::
is

:::::
worth

::::::
noting

::::
that

::::
while

::::::
higher

:::::::
moisture

:::::::
content

::::::::
increases

::::
latent

::::
heat

::::
and

:::::
delays

:::
the

:::::
onset

::
of

:::::::
freezing—suchasBJandLR FM andCP(wet),and

GR, TV, (with thin organiclayers)
:
a

:::::::
thermal

::::::
timing

:::::
effect

::::::
clearly

::::::
visible

::
in

:::
our

::::::::
heatmaps

:::::
where

::::
GR

::::::
begins

:::::::
freezing

:
a

::::::
month

::::
later

::::
than

::
the

:::::
drier

:::
TV

:::::::
network—exhibitedhigher

:::
the

:::::
SFCC

:
bvalues(b > 3), indicatingsharperfreezingtransitionsdrivenby

abundantcapillarywaterand/or fasterfreezingrates.In contrast,�ner-texturedor driernetworks,suchasKN andBT, showed355

smallerbvalues(b < 1:5) , re�ecting moregradualphasetransitions
:::::
value

::::
itself

::
is

:::
not

:
a

:::::::
measure

::
of

:::::::
thermal

::::::::
velocity;

::::::
instead,

::
it
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Figure 6. Fitted SFCC (a) and corresponding time series of soil temperature, air temperature, snow cover, and freezing probability (b) for the

EC17 site in the Kenaston network (prairie). The site location is available via the interactive map on GitHub: Soil-Temperature-Permittivity-

Monitoring-Sites.

Figure 7. Similar to Fig. 6, but for the BT17 site in the Candle Lake network (western boreal forest).
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