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Abstract. Soil freeze/thaw (F/T) cycles are critical regulators of global hydrological and biogeochemical processes, yet mon-

itoring these subsurface dynamics beneath snow cover remains a significant observational challenge. There is a correspond-

ing need for physically-based retrieval frameworks to support upcoming spaceborne Earth observation missions, such as the

NASA-ISRO Synthetic Aperture Radar (NISAR) mission. Despite the importance of these cycles, there remains a critical lack

of understanding regarding L-band Synthetic Aperture Radar (SAR) response beneath snow cover, primarily resulting from5

a reliance on coarse-resolution data and a lack of coincident, season-long ground validation. To address this, we introduce

an integrated physical framework that couples high-resolution (1 m) airborne L-band (1.3 GHz) observations with coincident

in situ measurements of soil temperature and permittivity. This approach utilizes analysis of backscatter responses, Freeman-

Durden polarimetric decomposition, and the Improved Integral Equation Model (I2EM) to physically interpret microwave

scattering and characterize subnivean F/T transitions under frozen and thawed conditions. VV-polarized backscatter exhibited10

the strongest sensitivity to F/T transitions, increasing during thaw and decreasing under frozen soil. Decomposition analysis

revealed dominant surface scattering under frozen conditions, increased surface scattering during thaw, and enhanced volume

scattering associated with melt–refreeze cycles. The I2EM simulations captured the VV and HV backscatter trends within

an acceptable range across most soil stations, while significantly underestimating the HH backscatter. Overall, these results

advance process-level understanding of the L-band SAR response to subnivean soil F/T transitions and demonstrate the po-15

tential of high-resolution observations for improving retrieval algorithms and calibrating forthcoming global L-band satellite

missions.

1 Introduction

Soil freeze/thaw (F/T) cycles are prevalent across much of the northern hemisphere above 45°N, occurring as either brief diurnal

shifts or prolonged seasonal transitions (Rowlandson et al., 2018). The timing and spatial distribution of these transitions20

influence key hydrological processes, as well as terrestrial carbon, water, and energy balances. The F/T status of soil also affects
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vegetation productivity, particularly in boreal and subarctic ecosystems (Kim et al., 2017; Mavrovic et al., 2023; Rowlandson

et al., 2018; Mavrovic et al., 2024). Understanding seasonal and interannual variability in soil F/T dynamics is, therefore,

critical for evaluating their broader climate impacts and for assessing carbon cycle feedbacks in northern regions (Prince et al.,

2019; Zhou et al., 2021). Beneath the snow layer, the soil’s F/T condition determines whether meltwater or rainwater infiltrates25

the ground or contributes to surface runoff. Accurate characterization of subnivean soil F/T state is essential for improving

flood forecasting during seasonal snowmelt and for mitigating associated hydrological hazards (Bateni et al., 2015). Moreover,

several snowpack properties, including density, depth, and microstructure, influence the transmission of thermal energy through

the snow and subsequently affect the F/T transitions of the underlying soil layer (Prince et al., 2019; Crevier et al., 2025).

Due to the limited spatial and temporal coverage of in situ soil monitoring networks, recent efforts have increasingly lever-30

aged remote sensing techniques to investigate the F/T state of soil beneath snow cover. Microwave remote sensing, both passive

and active, has been applied for this purpose (Bateni et al., 2015; Prince et al., 2019; Rowlandson et al., 2018; Cohen et al.,

2021). The active microwave backscatter from snow-covered surfaces is inherently complex and frequency dependent. At

higher frequencies such as Ku- or Ka-band, the radar response is dominated by scattering from the air–snow interface and the

snow volume, with additional contributions from snow–ground interactions depending on snow depth and physical properties.35

As a result, these higher frequencies may exhibit limitations in sensitivity to subnivean soil scattering due to attenuation and

multiple scattering within the snowpack, although soil contributions may still be detectable under shallow snow conditions

(Dagurov et al., 2020; Thompson and Kelly, 2021). In contrast, at lower frequencies such as L-band, snow generally has a low

impact on radar backscatter due to its relatively long wavelength.

Selecting an appropriate SAR configuration for soil F/T monitoring thus requires careful consideration of both frequency40

and polarization (Cohen et al., 2021). High-frequency bands such as Ku-band (17.2 GHz) and, to a lesser extent, X-band (9.6

GHz), are particularly sensitive to snow characteristics like grain size and microstructure, making them less useful for soil F/T

monitoring even in shallow snow conditions (Du et al., 2010; Lievens et al., 2022; Tsang et al., 2021). On the other hand,

lower-frequency signals such as L-band experience minimal scattering from dry snow, as the snow grain size is much smaller

than the L-band wavelength (Deeb et al., 2011; Marshall et al., 2021; Palomaki and Sproles, 2023; Shi et al., 2016). Moreover,45

L-band SAR can penetrate vegetation canopies and is less affected by surface vegetation, enabling deeper interaction with

the underlying soil (Bahrami et al., 2022; Akhavan et al., 2021). These characteristics make L-band particularly well-suited

for observing soil F/T transitions beneath snow cover (Cohen et al., 2021). The simplified schematic representation of the

interaction between L-, X-, and Ku-band SAR signals and snow-covered soil is shown in Fig. 1. The actual SAR interactions,

however, are more complex than this simplified respresentation. For instance, SAR signals can penetrate the soil when it is50

frozen or when thawed soil has low moisture content. While X-band signals are capable of penetrating frozen bare soil, they do

not effectively penetrate vegetated surfaces, where the dominant backscatter response typically originates from the vegetation

layer or the soil surface (Karam et al., 1992).
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Figure 1. Schematic representation of L-, X-, and Ku-band radar signals penetrating a snow-covered soil surface, highlighting differences in

interaction with the snow and underlying soil.

The relative permittivity (ϵ= ϵ′ − iϵ′′) of soil reflects the material’s physical properties and its ability to absorb or scatter

electromagnetic signals (Tsang et al., 2021). For L-band SAR, the imaginary component is negligible under dry snow con-55

ditions and can be omitted. The relative permittivity undergoes substantial changes when soil transitions between frozen and

thawed states. As demonstrated in previous studies (Mavrovic et al., 2018; Mätzler, 1987), at L-band, freezing of water pro-

duces a strong contrast between the dielectric properties of water and ice. The relative permittivity is strongly dependent on,

and increases with, volumetric moisture content (Long and Ulaby, 2015).

Polarimetric SAR decomposition techniques have been used to investigate the F/T state of soils, demonstrating that variations60

in the relative permittivity of a soil can be effectively monitored (Jagdhuber et al., 2014). These methods, grounded in physical

scattering models, not only enable the detection of F/T transitions but also provide insight into the underlying scattering

mechanisms (Jagdhuber et al., 2014; Park, 2015). Pioneering work by (Jagdhuber et al., 2014) utilized the H/A/α decomposition

framework to capture changes in scattering behavior associated with soil phase transitions. Similarly, (Zhou et al., 2021) applied

the dual-polarimetric H/α approach across summer and winter seasons, highlighting how seasonal variations correspond to65

shifts in scattering mechanisms.

Scattering models have also been used to analyze the contribution of the soil layer to SAR backscatter. These models are

primarily categorized into theoretical, semi-empirical, and empirical approaches. Models such as the Integral Equation Model

(IEM) (Fung et al., 1992), Oh model (Oh et al., 2002), and Dubois model (Dubois et al., 1995) have been extensively used to

retrieve soil moisture over bare surfaces or areas with low vegetation cover. Previous studies highlight the need for accurate70

parameterization and reveal the computational complexity associated with theoretical models, while also noting that semi-

empirical and empirical approaches often yield site-dependent results (Panciera et al., 2013). The Improved Integral Equation

Model (I2EM) model improves on the original IEM by refining surface scattering calculations, providing more accurate pre-

dictions for varying angles and small surface roughness while retaining an algebraic form, making it well suited for diverse

soil conditions (Fung et al., 2002).75
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This study investigates seasonal soil F/T state transitions over an agricultural field in a mid-latitude Canadian environment

using a dense time series of L-band airborne polarimetric SAR images, with an emphasis on the continuous seasonal evo-

lution and variability of SAR responses throughout the winter period. This study was designed to address three objectives:

(1) characterize the temporal patterns of high and low VV co-polarized backscatter and their variability; (2) assess temporal

changes in L-band polarimetric parameters, focusing on high and low response levels and variability of surface and volume80

scattering components derived from Freeman–Durden decomposition analysis throughout the winter season; and (3) compare

I2EM forward estimates with L-band observations of the field site under frozen and thawed conditions throughout the winter

season.

2 Material and Methods

2.1 Study Site85

The field campaign was conducted between November 2022 and January 2024. The main goal of the campaign was to eval-

uate the potential of L-band fully polarimetric SAR observations to monitor the F/T state of soil beneath snow cover in an

agricultural setting in Ontario, Canada (Kelly et al., 2024). To do so, the airborne Cryospheric SAR (CryoSAR) instrument

(see Fig. 2) was used (Kelly et al., 2024). The study area (see Fig. 2), encompasses approximately 1500 m × 1000 m and is

centered at 46.08◦N, 79.34◦W. The site includes a heterogeneous landscape consisting of open pasture fields in various stages90

of grazing, ploughed and planted cropland, as well as patches of mixed deciduous and coniferous forest. Soils across the study

area consist of organic, clay, silt, and sand fractions, with silt being the dominant component. Six soil monitoring stations were

deployed across the study area, and their locations are indicated in Fig. 2-b as Stations 1–6. The corresponding site names and

geographic coordinates for these stations are listed in Table 1.

According to 1981–2010 climate normals from the nearest Environment and Climate Change Canada (ECCC) weather95

station located at 46.07◦N, 79.15◦W, daily temperatures in the region average a maximum of 24.9 in July and a minimum

of -17.7 in January. Precipitation occurs predominantly as snow between October and May, with the highest monthly average

snowfall reaching 48.3 cm in January (Environment and Climate Change Canada, 2024).

4

https://doi.org/10.5194/egusphere-2026-1065
Preprint. Discussion started: 7 April 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 2. Overview of the study area. (a) Regional map showing the portion of Canada that includes the study site. (b) Detailed boundary

of the CryoSAR field campaign area in Ontario. (c-e) Airborne views of the field site captured during the campaign in October 2022 (c),

November 2022 (d), and January 2023 (e).
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Table 1. List of the soil stations deployed across the study area, including their assigned station numbers, names, and geographic coordinates.

No. Station Latitude Longitude

1 Central 46° 5’20.91"N 79°20’28.35"W

2 East Dry 46° 5’18.91"N 79°20’4.00"W

3 Eastern 46° 5’18.17"N 79°20’9.21"W

4 Lower 46° 5’3.92"N 79°20’40.81"W

5 Upper 46° 5’10.83"N 79°20’59.89"W

6 Winter Rye 46° 4’57.40"N 79°20’52.94"W

2.2 CryoSAR Polarimetric SAR Observations

L-band (1.3 GHz) fully polarimetric SAR data were acquired as part of the CryoSAR airborne campaign to investigate soil100

conditions beneath a snowpack at the field site. The CryoSAR instrument was mounted on the rear cargo doors which were

installed on Cessna 208B Grand Caravan aircraft based out of the Muskoka airport (YQA) (Fig. 3-a and b). The airborne

radar data were collected along predefined flight lines, with repeat passes conducted during the same flight and between flight

campaigns over the same area to support reproducible temporal analysis. The CryoSAR system parameters are summarized

in Table 2. An 80cm L-band square trihedral corner reflector was installed at the study site for radiometric and polarimetric105

calibration (Fig. 3-c).
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Table 2. L-band CryoSAR system parameters.

Parameter L-band (1.3 GHz)

Bandwidth (max) 200 MHz

Acquisition modes Quad-pol

Azimuth resolution (max) 25 cm

Tx power (max) 10 W (40 dBm)

Cross-pol isolation | NESZ <−28 dB | <−32 dB

Transmit stability < 0.05 dB

Antenna gain 13 dB

Radiometric calibration accuracy 1 dB

HPBW (el × Az) 40◦ × 40◦

Transmit PRF (max) 20 kHz

A total of ten single-look complex (SLC) Level-1 images with full polarimetric channels (HH, HV, VH, VV) were collected

over two winters, between November 2022 and January 2024, with the most frequent flights occurring between January and

March 2023 (Table 3). Each image has a spatial resolution of 1 m × 1 m. The acquisition from 24 November 2023 was selected

to represent snow-free conditions, under the assumption of comparable environmental settings across corresponding dates in110

consecutive years.

Table 3. L-band CryoSAR acquisition dates over two winters 2023-2024

Date

2023/01/14 2023/01/31

2023/02/14 2023/02/24

2023/03/01 2023/03/03

2023/03/15 2023/03/30

2023/11/24 2024/01/12

The CryoSAR data was processed from raw measurements to Level-1 SLC products using MetaSARPro software (De Macedo

et al., 2021). The raw dataset included the associated Global Navigation Satellite System (GNSS) navigation and configura-

tion files recorded onboard the aircraft during flight, organized by frequency and polarization channel (e.g., HH, HV, VH,

VV). Post-processing of the aircraft’s position used the onboard GNSS antenna–generated files, which were corrected using a115

nearby network-accessible base station. The accuracy of the aircraft’s trajectory was further improved by combining the on-
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board GNSS data and the CryoSAR’s integrated Inertial Measurement Unit (IMU). The refined navigation solution was used

to geolocate the SAR imagery. Range compression was performed using a Fast Fourier Transform (FFT) to generate Range-

Doppler maps. Motion compensation and range migration corrections were applied using a Ground Back-Projection algorithm,

resulting in Level-1 georeferenced SLC imagery containing both amplitude (A) and phase (ϕ) information.120

Figure 3. CryoSAR system and field calibration setup. (a, b) The CryoSAR instrument mounted on the Cessna 208B Grand Caravan aircraft.

(c) An L-band corner reflector deployed at the field site for calibration purposes.
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To normalize the received power and mitigate the effects of antenna radiation patterns due to changing in-flight instrument

viewing geometry, geometric and radiometric calibrations were performed using an in-scene corner reflector. The calibration

accuracy for the L-band data was found to be approximately 1.0 dB (see Table 2). The calibrated dataset was exported to a

netCDF format for subsequent analysis. Further processing, including generation of the scattering matrix, covariance matrix,

and additional CryoSAR data analyses, was conducted using MATLAB 2024b and the Python Programming Language.125

2.3 In situ Data

A field experiment was conducted over two winters, between October 2022 and April 2023 and again from October 2023

to January 2024, at the study site, providing coincident in situ measurements of soil, snow, and meteorological conditions to

support the analysis of L-band backscatter and its relation to snow cover and underlying soil properties. Measurements of

the real permittivity parameters, which is directly related to soil moisture, and soil temperature were collected throughout the130

season (Fig. 4-a and b and Fig. 7) to characterize changes in surface and subsurface conditions. In addition, meteorological

observations were obtained from an Onset U30 HOBO weather station (Fig. 4-a and Fig. 5) to complement the soil measure-

ments. It should be noted that this meteorological station was non-operational between 21 December 2022 and 10 January

2023, although there were no SAR acquisitions during this period.

Six soil stations were installed at various locations across the study site (Fig. 4-b). At each station, two Stevens HydraProbes135

were vertically embedded in the soil to monitor real dielectric permittivity (70 MHz) and temperature at a depth of 0-5.7

cm (Fig. 4-c). A single Onset U30 HOBO weather station was installed to monitor air temperature and relative humidity,

snow depth and temperature, and wind speed and direction. All soil and meteorological sensors were logged at 30-minute

intervals, enabling the capture of rapid transitions between F/T states. The stations were spatially distributed to represent a

range of field conditions, including pasture land with different grazing intensities, a recently ploughed field, and regions with140

varying moisture levels (wet and dry zones of the fields). To ensure consistency in measurements, each station was placed in a

relatively homogeneous area, typically near the center of open fields and away from field edges, which are known to influence

snow deposition patterns.
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Figure 4. Field instrumentation at the study site. (a) the HOBO weather station used for continuous meteorological measurements. (b) the

soil monitoring station, and (c) a soil sensor installed vertically at a depth of 5.7 cm for subsurface relative permittivity and temperature

measurements.

Precipitation events were noted using the Environment and Climate Change Canada (ECCC) from the North Bay airport

(YYB) weather station (46.37◦N, 79.40◦W), for all SAR acquisition dates Table 4 was expected to fall as rain, as inferred145

from the daily minimum and maximum temperatures (Environment and Climate Change Canada, 2024). During the period of

missing weather station observations, air temperature and snow depth data from the North Bay ECCC station were used to gap

fill and are denoted by dashed lines in the time-series plots. Table 4 summarizes total daily precipitation and minimum and

maximum daily temperatures recorded by the ECCC weather station that coincided with the SAR acquisition. For these dates,

hourly precipitation data, particularly during the morning and early afternoon hours, were analyzed to determine the timing150

and intensity of rain events. Dates marked with (*) indicate instances where a decrease in snow on the ground was observed in

the hourly records, which we attribute to melting caused by rainfall.
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Table 4. Total daily precipitation and minimum and maximum daily temperatures recorded by the ECCC weather station

Date Max Temperature (°C) Min Temperature (°C) Precipitation (mm)

2022-12-30∗ 7 1.8 1.1

2023-02-14 4.4 -12.3 0

2023-02-15∗ 4.8 -2.6 16.9

2023-03-17 4 -6.5 10

2023-11-13∗ 5.6 -0.2 3.1

Dates marked with (∗) indicate instances where a decrease in snow on the ground was observed in the hourly records, which we

attribute to melting caused by rainfall.

2.4 Polarimetric SAR

SAR polarimetry is a technique that extracts physical information on a target by leveraging its polarization signal character-

istics. For our study, it is particularly valuable to investigate soil F/T processes beneath the snow layer. Fully polarimetric155

SAR systems record complex scattering values in four polarization channels: SHH ,SHV ,SV H ,SV V (Hänsch et al., 2020). Po-

larimetric target decomposition enables the interpretation of scattering characteristics by analyzing the polarimetric response

at a given frequency and imaging geometry (Akhavan et al., 2021; Hajnsek and Desnos, 2021). This technique is generally

categorized into two types: coherent and incoherent (Hajnsek and Desnos, 2021). Coherent decomposition relies directly on

the scattering matrix and is suitable for isolated, deterministic targets exhibiting fully polarized returns. It can be expressed as160

Eq. (1) (Turkar and Rao, 2011).

S=


SHH SHV

SVH SVV


 , Reciprocity : SHV = SVH (1)

Natural environments, such as snow-covered soils, consist of distributed scatterers that exhibit distinct polarimetric scattering

signatures. For such media, the scattering matrix alone is insufficient to characterize the scattering behavior. Instead, second-

order statistical descriptors, namely the covariance matrix [C] and the coherency matrix [T ], are employed to capture the165

ensemble average of polarimetric responses, accounting for the spatial and temporal variability and randomness of natural

targets (Moreira et al., 2013). A more detailed theoretical and mathematical explanation of these matrices can be found in (Lee

and Pottier, 2017).

Second-order decomposition techniques based on these descriptors are typically categorized into model-based and eigenvalue-

, eigenvector-based methods (Moreira et al., 2013). Among high-order polarimetric decomposition techniques, the model-based170

Freeman–Durden three-component decomposition, commonly associated with natural terrain (Freeman and Durden, 2002), is

used. This method enables a simplified, yet physically meaningful interpretation of complex backscatter patterns. The tech-

nique attempts to represent the average scattering mechanism as a weighted sum of distinct, physically meaningful components,

each corresponding to a scattering process (e.g., surface, double-bounce, or volume scattering).
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2.5 Improved Integral Equation Model175

In snow-covered agricultural regions, polarimetric signatures typically contain contributions from both the snow or vegeta-

tion layer and the underlying soil. To retrieve soil parameters accurately, it is essential to first isolate the scattering effects of

the snow or vegetation layer. Once the contribution of these layers have been removed, the remaining signal, primarily influ-

enced by soil relative permittivity and surface roughness. To accurately characterize the soil response, the use of physically

based scattering models is necessary to separate and quantify the individual scattering contributions from different surface180

components. Investigating bare soil in the absence of snow or vegetation represents the most straightforward and historically

established approach for soil moisture retrieval using SAR observations. In this context, three primary modeling approaches

are commonly employed to characterize the SAR backscatter response: empirical, semi-empirical, and theoretical models.

Theoretical models are based on electromagnetic wave theory and aim to characterize radar backscatter as a function of

surface roughness and dielectric properties. The Integral Equation Model (IEM) is one such widely used model for retrieving185

soil moisture in bare to sparsely vegetated areas (Baghdadi et al., 2011; Tao et al., 2017; Zhang et al., 2018). As a physically-

based backscattering model, the IEM is applicable under a wide range of surface roughness conditions. Although the full

mathematical formulation of the model is complex and beyond the scope of this paper, it is comprehensively described in

(Long and Ulaby, 2015; Fung et al., 1992). The IEM solves integral equations for tangential surface fields while accounting

for factors such as the incidence angle, the surface root mean square height (RMSH), the autocorrelation function (ACF) of a190

one-dimensional roughness profile, and the relative permittivity. The Improved Integral Equation Model (I2EM), employed in

this study, is an improved version of the IEM.

Fung et al. established the Improved Integral Equation Model (I2EM) (Fung et al., 2002) by incorporating a phase factor

into the single-scattering component when calculating the average backscattered signal. The I2EM builds upon the IEM by

integrating both small-perturbation and Kirchhoff approximations, thereby enhancing its sensitivity to cross-polarized returns195

and depolarization effects associated with surface roughness. To integrate surface fields from both the upper and lower media,

the phase factor is used. While I2EM uses similar input parameters, such as surface roughness (RMSH and correlation length),

complex relative permittivity (real and imaginary parts), polarization state, incidence angle, and radar frequency, it expands

the model’s validity across a broader range of surface conditions. This physically-based approach estimates the backscattering

coefficient of randomly rough surfaces under various polarization configurations. It is applicable over a wide range of surface200

roughness conditions (valid for ks < 3.0), making it suitable for simulating the backscatter response from natural surfaces

(Inoubli et al., 2024; Fung et al., 2002). The mathematical equation of the I2EM is provided in Eq. (2) and Eq. (3).

σs
qp = S(θ,θs)

k2

2
exp

[
−h2

(
k2z + k2sz

)]
=

∞∑

n=1

h2n
∣∣Inqp

∣∣2 W
(n)(ksx − kx,ksy − ky)

n!
(2)

Inqp = (ksz + kz)
nfqp exp

(
−h2kzksz

)
+

(ksz)
nFqp(−kx,−ky)+ (kz)

nFqp(−ksx,−ksy)

2
(3)
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In the above expression for the bistatic single scatter surface backscattering coefficient σs
qp, the parameters are defined as205

follows. The term S(θ,θs) represents a bistatic shadowing function. The variable k denotes the wave number. The quantities kx,

ky , kz and ksx, ksy , ksz are the vertical components of the incident and scattered wave vectors, respectively. The parameter h

represents the rmsh of the surface roughness. The fqp and Fqp parameters are the field coefficients related to Fresnel reflectance,

and W (n) is the Fourier transform of the nth power of the surface correlation coefficient.

This study uses the model as a forward surface scattering simulator to simulate the backscatter response from the soil210

surface beneath a snow-covered layer. The primary objective was to evaluate the ability of I2EM to estimate soil F/T states over

an agricultural region using fully polarimetric L-band observations. Additionally, discrepancies between the measured radar

backscatter coefficients and those predicted by the model were examined to assess the model’s performance under varying

surface and subsurface conditions.

2.6 Soil Freeze/Thaw Retrieval215

The determination of the soil F/T state is based on analyzing radar backscatter signals to detect temporal variations associated

with changes in soil permittivity as it transitions between frozen and thawed conditions. (Derksen et al., 2017) employed

the SMAP baseline F/T algorithm, which uses a seasonal threshold approach to evaluate the temporal evolution of remote

sensing observations relative to reference signatures representing frozen and thawed states. For active microwave observations,

a seasonal scale factor, ∆(t), is defined for each acquisition at time t as Eq. (4):220

∆(t) =
σ(t)−σfr

σth −σfr
(4)

where σ(t) denotes the backscatter measurement at time t for which the F/T classification is sought, and σfr and σth repre-

sent the reference backscatter values for frozen and thawed conditions, respectively. A threshold value T is then applied such

that ∆(t)> T corresponds to thawed conditions, while ∆(t)≤ T indicates frozen conditions. σfr and σth were determined

based on the three lowest and three highest ranked σ0
V V values, respectively. The algorithm was applied on a pixel-by-pixel225

basis. Following the procedure in Eq. (4), and using a threshold T , each pixel was classified as either frozen or thawed (bi-

nary classification). A threshold value of 0.5 was adopted throughout the F/T season in this study, with the option for further

optimization if required.

3 Results

3.1 Soil Freeze/Thaw Monitoring using In Situ Observations230

In the absence of snow and permafrost, the F/T state of the soil profile is primarily driven by air temperature variations. Freezing

generally begins when daily air temperatures consistently drop below 0◦C, while thawing commences when soil temperatures

rise above 0◦C. Although air temperature is the dominant control, the presence or absence of snow complicates the timing of

these transitions.
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Figure 5. Hourly time series of environmental measurements recorded by the local study area weather station. The top plot shows 2 meter air

temperature, soil temperature, and snow depth, illustrating overall temporal variations in air and ground conditions. The bottom plot presents

snow temperature measured at three heights just above the ground surface, highlighting the evolution of snowpack temperatures as the snow

depth varied throughout the observation period.

As shown in Fig. 5, snow depth ranged from zero to approximately 0.5 m, with a standard deviation of 16.96 cm based on235

the acoustic Judd snow depth sensor mounted to the local weather station. Snow accumulation in the study area began in late

October; however, early snowfall events were intermittent and readily melted in response to daily temperature fluctuations. A

more persistent snow layer developed by mid-November, reaching a depth of approximately 20 cm, but gradually decreased

toward the end of the month responding to warmer air temperatures. Thereafter, only a shallow snow cover remained, persisting

until mid-December. Observations of snow depth across different field locations, using both manual and UAV LiDAR–derived240

techniques, indicated within-field spatial variability, with deeper accumulations in certain areas. Overall, the temporal evolution

of snow depth closely followed the locally measured air-temperature regime of warming and cooling, confirming the strong

relationship between atmospheric conditions and snow persistence. In addition to snow depth, the weather station recorded both

soil and snow temperatures using thermocouple probes installed at three heights near the ground surface. The probes measured
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snow temperatures as the snow deepened and buried them, and air temperatures when the snow was absent or shallow, all245

serving as key indicators for identifying soil F/T states.

In this study, frozen/thawed classification was based on combined soil temperature and real permittivity thresholds. Although

the imaginary part of permittivity influences the characterization of thawed soils, the analysis here focuses on the real part, given

that the field campaign mainly captured frozen conditions. The temperature criterion classified soil as frozen when ≤ 0◦C and

thawed when > 0◦C. The permittivity criterion classified soil as frozen when ϵ′ < 10 and thawed when ϵ′ ≥ 10. The combined250

classification assigned a frozen state when both temperature ≤ 0◦C and ϵ′ < 10, and a thawed state when temperature > 0◦C

and ϵ′ ≥ 10. This approach reduced false detections caused by temperature sensor noise or permittivity variability. Transparent

blue and red epochs in Fig. 6 indicate frozen and thawed soil states, respectively.
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Figure 6. Time series of soil measurements recorded by the Steven Hydra Probes. The plot shows soil relative permittivity (ϵ′) alongside soil

temperature (°C), illustrating temporal variations in soil dielectric properties and thermal conditions at the measurement site.
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Soil moisture and temperature data were collected from a network of soil monitoring stations representing different vegeta-

tion conditions, grazing stages, and elevations across the study domain. These soil stations were named to assist local surveyors255

with identification and data management. The names chosen were related to the crop types present and/or their physical lo-

cations. The soil stations Winter Rye, Central, and Lower (installed 15 November 2022) recorded data without interruption

for the entire 2022-2023 winter season. The Eastern soil station recorded from 10 November 2022 to 15 December 2022; the

Upper station experienced frequent interruptions between 12 December 2022 and 14 February 2023; and the East Dry station

(installed 1 December 2022) had multiple interruptions between 30 January 2023 and 15 February 2023 and stopped recording260

from 28 February 2023 onward. Some data gaps, particularly for the East Dry time series, occurred when the ground was

frozen, making the extraction and replacement not possible. Missing soil temperature values were filled using Inverse Distance

Weighting (IDW), with available measurements from other stations at the same timestamp weighted by the inverse square of

their geographic distance, ensuring temporal continuity for analysis.

According to the soil monitoring network of Stevens HydraProbes, soils were predominantly thawed at all stations from the265

2022 mid-November installation date until early December 2022. Soil temperature first dropped below 0◦C in early December,

concurrent with a sharp decrease in ϵ′, and remained low until late December. At the beginning of January, both soil temperature

and ϵ′ increased. Although the local weather station was not recording during this period, interpolated values from nearby

stations confirmed a rise in air temperature and a reduction in snow depth. Based on minimum/maximum air temperature and

hourly precipitation data from the nearby ECCC station (Table 4), rainfall also contributed to soil thawing, a reduction in270

snow depth, and an increase in infiltration of moisture into the underlying soil. From mid-January onwards, most soil stations

showed strongly consistent conditions except at the Lower and Winter Rye soil stations. The East Dry soil station began

recording erroneous values for a few days in January before failing completely at the end of the month; thus, IDW-interpolated

values for this period may be unreliable.

In mid-February 2023, the nearby ECCC North Bay weather station (Table 4) measured air temperatures above 0◦C and275

precipitation as rain, concurrent with an increase in the local on-site weather station’s air temperature and a decrease in local

station’s snow depth. Although mean soil temperatures recorded by the local soil monitoring network appeared constant (≈
0◦C) from mid-January 2023 to season’s end in April 2023, a zoom-in plot (Fig. A1), revealed fluctuations between slightly

negative and positive values, suggesting the snow layer acted as an insulator for the underlying soil, muting the intensities of the

melt events, but not fully preventing several F/T transitions. Snow temperatures (Fig. 5) showed increasing temperatures from280

the snow surface toward the soil interface, highlighting that the soil was warmer than the air. Despite persistent snow cover

until the end of the campaign in April 2023, the local weather station within the study domain intermittently recorded above

(0 ◦C snow and air temperatures, coincidentally with the soil stations recording high ϵ′ values, indicating a dominant thawed

state after early March 2023, except at the Central soil station, where soils recorded consistently frozen from mid-March to

early April.285
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3.2 Variability and Magnitude of L-band VV Backscatter

This section investigates the variability of soil F/T state using VV polarization, as VV polarization is strongly influenced by

soil dielectric changes and provides a reliable indicator of F/T transitions. Cross-polarized channels showed less consistent

variation, underscoring VV’s sensitivity to dielectric changes. The analysis focuses on characterizing both the magnitude

(low vs. high backscatter) and the spatial variability (low vs. high field variability) of VV response, while the full temporal290

evolution is provided in Appendix (Fig. A2). VV backscatter is particularly sensitive to soil F/T changes because it penetrates

the snow layer with minimal attenuation, while being less affected by vegetation (≤ 20cm, stable during the campaign) and

roughness compared to cross-polarization. Considering the co-polarized response, VV generally exhibits stronger sensitivity

to soil permittivity changes than HH, particularly at higher incidence angles (Zeng and Chen). In contrast, HH tends to show

slightly greater sensitivity to variations in surface roughness compared to VV (Holah et al., 2005; Singh et al., 2023). Thus, VV295

provides a clearer signal of soil dielectric transitions. As expected, frozen soils with reduced dielectric constant are associated

with low backscatter, whereas thawed soils exhibit higher backscatter driven primarily by soil moisture content. This confirms

that VV backscatter is a reliable proxy for detecting soil dielectric state under snow-covered agricultural region compared to

cross-polarization channel.

Examples of these states were observed in the field. On 12 January 2024, all stations showed a pronounced low backscatter300

response, consistent with fully frozen soil conditions. In contrast, 1 March 2024 exhibited a high backscatter response, coin-

ciding with thaw conditions, an increase in 2 meter air temperature, and higher soil permittivity across all stations (Fig. 6).

These examples illustrate how VV backscatter distinctly separates frozen from thawed soil states, even under dry snow cover.

Soil state transitions were not uniform across all field sites on all dates. On 14 January 2023, backscatter exhibited high spatial

variability, indicating that different field sections transitioned at different times depending on local parameters (e.g., soil type,305

moisture). Conversely, on 15 March 2024, spatial variability was relatively low, suggesting more uniform surface conditions.

This contrast highlights that spatial heterogeneity in F/T timing is an intrinsic feature of agricultural landscapes, and that

L-band VV backscatter can capture both homogeneous and heterogeneous transitions across the field.

While dry snow at L-band contributes minimally to total backscatter, it modulates the soil signal through direct backscatter

and attenuation. Nevertheless, as shown in (Fig. 6), the long wavelength of L-band allowed penetration through the snow layer,310

making soil-related transitions the dominant signal. This reinforces the robustness of L-band VV for F/T monitoring in snow-

dominated environments, where shorter wavelengths may fail. Field boundaries and roughness differences were also clearly

visible, further demonstrating the insensitivity of L-band backscatter to dry snow cover.
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Figure 7. Spatial distribution of σ0
V V across the CryoSAR field site, illustrating (a) low backscatter, (b) high backscatter, (c) low spatial

variability, and (d) high spatial variability.

The temporal evolution of mean σ0
V V values, averaged within soil moisture regions of interest for each station (±1 std),

is presented in Fig. 7. From mid- to late January, a consistent increase in backscatter was observed across stations, with315
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the largest rises of +1.56 dB at Winter Rye and +1.52 dB at Upper, while East Dry remained relatively stable (+0.62 dB).

This increase coincided with rising 2 meter air temperature, a reduction in snow depth, and warming of the snowpack layers

(Fig. 7). Following this period, backscatter stabilized or decreased slightly: between late January and mid-February, most

stations showed only minor changes, with Winter Rye decreasing by -0.62 dB and Eastern remaining stable. From mid- to

late February, stations exhibited mixed trends, with decreases at Central, East Dry, and Eastern, which aligned with soil and320

weather station records (Fig. 5 and Fig. 6).

The winter of 2023–24 displayed unique characteristics compared to typical mid-latitude Canadian winters. November 2023

did not experience persistent cold conditions, resulting in an unusually high backscatter response, which confirmed that soil

remained unfrozen. In contrast, mid-January was marked by very shallow or absent snow cover. The thin snow layer did

not insulate the soil from the cold air temperature, driving a rapid soil freeze and producing a sharp decrease in backscatter325

across all stations. Together, these temporal patterns demonstrate that while backscatter broadly tracks temperature-driven F/T

transitions, local soil and microclimatic differences control the exact timing and magnitude of response.

Figure 8. Temporal evolution of the VV backscatter response measured over six soil stations during the CryoSAR field campaign. The

plot shows the mean VV backscatter with ±1 standard deviation throughout winter 2023 and winter 2024, illustrating spatial and temporal

variations across the study area.

3.3 Changes in Polarimetric Decomposition Parameters

Changes in relative permittivity of the soil help us identify F/T state of the soil using the polarimetric SAR information. The

high penetration depth of L-band SAR limits sensitivity to short stubble (mostly ≤ 20cm) present in the field. This penetration330

capability also reduces dihedral scattering between vegetation stalks and underlying soil. Consequently, this section focuses

only on the evolution of surface and volume scattering.

Figure 8 illustrates the low and high surface scattering responses, as well as the spatial variability of surface scattering

response across the field. The lowest surface scattering response occurred in late January, reaching -16.28 dB at the East Dry

station. During this period, all fields were frozen, as confirmed by real permittivity values measured by soil sensors (Fig. 6) and335

by the 2 meter air temperature recorded at the ECCC weather station, which dropped to -30 (Fig. 5). In addition, snow profile

temperatures were consistently below freezing, indicating dry snow conditions that enabled the L-band signal to penetrate
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the snow layer and interact with the ground. By mid-February, all soil stations except the Central station recorded high real

permittivity values, indicating that the soil had transitioned to a thawed state (Fig. 6).

Figure 9. Spatial distribution of surface scattering response across the CryoSAR field site, illustrating (a) low, (b) high, (c) low spatial

variability, and (d) high spatial variability of surface scattering component from the model-based Freeman-Durden decomposition.

As the soil began to thaw, higher soil moisture levels caused an increase in surface-like scattering, most likely originating340

from the snow surface rather than the underlying soil. Accordingly, in mid-February the study region experienced a higher
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surface scattering response. This increase coincided with positive temperature values recorded by the ECCC weather station.

Positive snow profile temperatures, together with 2 meter air temperatures above freezing, further confirm the likelihood of

surface scattering from the snow layer. By the end of March 2023, surface-like scattering remained stable and nearly identical

across all soil stations. This stability was accompanied by an increase in soil relative permittivity (Fig. 6), positive soil temper-345

atures recorded by all soil sensors (Fig. A1), and positive air temperatures concurrent with a decrease in snow depth observed

at the ECCC weather station. Together, these observations suggest the onset of the snowmelt season, during which all stations

approached a nearly uniform state.

At the beginning of the airborne campaign in mid-January 2023, the highest variability in surface scattering was observed

across soil stations, despite the scattering magnitudes being relatively high at all sites. The positive air temperature recorded at350

the North Bay weather station, along with 16.9 mm of rainfall (Table 4), likely contributed to the elevated scattering response.

In addition, the field was covered by less than 20 cm of shallow snow, which varied across stations. This spatial heterogeneity

in snow cover likely led to the observed variability in surface scattering among stations.

Lower frequencies such as L-band SAR are not sensitive to small particles like snow grains. Therefore, under dry conditions,

little to no volume scattering contribution is expected from the snow layer. As shown in Fig. 11, after mid-February surface355

scattering decreased slightly, while volume scattering increased more sharply across all stations. The maximum volume scat-

tering response during the field campaign occurred on March 3. Although air temperature at the ECCC weather station was

recorded near -30 (Fig. 5), strong oscillations in temperature during the preceding days led to repeated melt–refreeze events.

Field crews also reported the presence of ice layers within the snowpack. These ice layers, together with increased snowpack

moisture, likely caused multiple scattering within the snow, thereby enhancing the volume scattering response observed on360

March 3.

On March 1, positive air temperatures, decreasing snow depth, and near-zero to positive snow profile temperatures (Fig. 5)

coincided with the highest variability in volume scattering across the study region. This variability was driven by differences

in local microclimatic conditions, field orientation relative to the sun, and snow cover heterogeneity. For example, the East Dry

station contained stubble that produced uneven snow accumulation, contributing to the large variability in volume scattering365

captured by the Freeman–Durden decomposition. On the other hand, the lowest volume scattering response was observed in

mid-March across the field (Fig. 10 and Fig. 11). This reduction in volume scattering was consistent with an increase in surface

scattering across all stations. At the same time, the 2 meter air temperature dropped below -20, indicating dry snow conditions

that explain the reduced volume scattering observed at all soil stations.
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Figure 10. Spatial distribution of volume scattering response across the CryoSAR field site, illustrating (a) low, (b) high, (c) low spatial

variability, and (d) high spatial variability of surface scattering component from the model-based Freeman-Durden decomposition.

The highest stability across the field was observed at the beginning of the airborne campaign in mid-January. During this370

period, the 2 meter air temperature was below -30 (Fig. 5), and soil permittivity values (Fig. 6) at nearly all stations were as low

as expected for frozen conditions. Figure 11 indicates greater variability in volume scattering compared to surface scattering
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throughout the season. As noted by (Wang et al., 2017), the Freeman–Durden decomposition tends to overestimate volume

scattering because it does not account for depolarization caused by surface roughness and azimuthal tilt. The volume scattering

component, derived from cross-polarized signals, generally decreased under frozen conditions; however, elevated responses375

were observed on January 31, February 24, and in early March.

Figure 11. Temporal evolution of polarimetric scattering observed during the CryoSAR field campaign. The plot shows (a) surface scattering

and (b) volume scattering, with mean values and ±1 standard deviation, illustrating changes in scattering mechanisms over the study period.
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In November 2023, the absence or shallowness of snow cover meant no insulating effect, allowing soil to freeze rapidly

and remain frozen. This led to consistently high surface scattering across all stations. Low volume scattering during this

period further demonstrates the insensitivity of L-band SAR to short stubble cover, resulting in minimal volume response

from vegetation coverage. Winter 2024 exhibited unique characteristics and was considered anomalously warm. Snow cover380

in winter 2023 acted as an insulator, insulating the soil and preventing heat loss, which led to a decline in surface scattering,

clearly evident in Fig. 11. Although statistical values were retrieved from the same region, only three soil stations were installed

during the second year, and real permittivity and temperature datasets from these stations were not included here.

3.4 Improved Integral Equation Model

In order to meet the necessity of accurate soil F/T estimation, I2EM was used as a forward model to simulate microwave385

signatures and the result is demonstrated in Fig. 12. To evaluate the I2EM’s simulation result, in this experiment, we compared

the measured backscattering coefficient from 2023 winter season CryoSAR dataset with simulated backscattering coefficient

from I2EM model.

To simulate the backscattering coefficient in both co- and cross-polarization channels, the I2EM model was parameterized

using the complex relative permittivity at L-band, simulated with the Dobson (1985) dielectric mixing model (Dobson et al.,390

2007), along with surface roughness parameters (RMS height and correlation length), the incidence angle, and the signal

frequency. Among the three correlation functions tested (exponential, gaussian, and x-power), the exponential function pro-

vided the best agreement and was therefore used as the correlation function in this study. For soil roughness characterization,

UAV-based LiDAR data were collected at an altitude of 30 meter with 1400 points per meter squared over the field site. The

2023–2024 season was not considered in this study due to a change in the soil station measurement strategy.395

While physically based models such as I2EM are mathematically sophisticated compared to empirical soil models and

impose a greater computational burden, they offer the advantage of being site-independent. Overall, a reasonable agreement

was observed between the modeled and simulated VV and HV backscatter response for most of the fields, with RMSE values

of approximately ±3 dB. However, as noted in previous studies on the IEM (Zribi et al., 2011), the model frequently over- and

underestimates the SAR signal depending on the input parameters. The I2EM model underestimates the SAR signal by more400

than 9 dB in HH polarization, with a significant difference compared to HV and VV polarizations. In HV polarization, slight

over and underestimation is observed, except for the lower and upper stations, where higher underestimation greater than 6 dB

occurs. The model simulates the backscattering coefficient at VV polarization with differences between SAR-measured and

predicted responses ranging from -3 to 5 dB, and RMSE values between 2.24 and 5.22 dB.
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Figure 12. Backscatter response predicted by the I2EM model and measured by L-band SAR.

Since the field campaign took place during the winter months and soil temperatures were slightly below 0, it is reasonable405

to assume that surface roughness remained largely unchanged throughout the season. Consequently, the seasonal variability

of σ0 is primarily driven by changes in the dielectric properties, whereas the sensitivity to roughness is assessed around a

fixed roughness state. Although relative permittivity varied over the season, the I2EM simulations were parameterized using

permittivity values simulated by the Dobson (1985) dielectric model based on a single-date gravimetric soil measurement

acquired prior to the snow-on season. This assumption introduces uncertainty, as soil permittivity evolved during the field410

campaign, as demonstrated in Fig. 6.

There is generally better agreement between the backscatter predicted by the I2EM model and the observed CryoSAR L-

band backscatter across all six stations for the VV and HV channels compared to the HH polarization, as shown in Table 5

and Fig. 12. RMSE values range from 1.26 to 22.46 dB, with HH polarization showing higher errors at all stations. The HH
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polarization consistently demonstrates worser agreement, with RMSE values above 9 dB at all stations. The largest RMSE415

of 22.46 dB occurs at Station 5 for HH polarization, potentially due to surface roughness or vegetation structure not fully

captured by the model input. The VV and HV polarizations exhibit lower error, with RMSE values ranging from 1.26 to 8.40

dB compared to HH.

Table 5. RMSE and bias (dB) values for each station and polarization

Polarization Statistics Station 1 Station 2 Station 3 Station 4 Station 5 Station 6

VV
RMSE (dB) 4.76 2.24 3.00 2.70 4.68 5.22

Bias (dB) 3.40 0.29 2.75 2.31 -3.07 5.16

HV
RMSE (dB) 3.04 2.92 1.26 6.39 8.40 1.45

Bias (dB) 0.29 -2.17 0.41 -6.16 -8.15 1.13

HH
RMSE (dB) 14.77 20.46 13.45 21.19 22.46 9.81

Bias (dB) -13.81 -20.10 -13.28 -21.09 -21.93 -9.70

Stations exhibiting particularly large errors reflect higher temporal variability in the observed backscatter or increased model

uncertainty arising from local factors such as residual vegetation cover and spatial heterogeneity in soil moisture and surface420

roughness. The simulated backscattering coefficients systematically deviate from the 1:1 line, indicating a mismatch in slope

between I2EM-predicted and CryoSAR-observed values. This discrepancy is most pronounced in the HH channel, where

the model generally underestimates the backscatter magnitude, indicating limited capability of I2EM in simulating L-band

backscatter. Such polarization-dependent behavior suggests that model performance is strongly influenced by the accuracy of

the gravimetric soil input and surface roughness parameterization, and that the model sensitivity to dielectric and roughness425

inputs is not fully captured under transitional F/T conditions.

3.5 CryoSAR-derived Freeze/Thaw Maps

Examples of F/T maps derived from CryoSAR L-band data using the approach described in Section 2.6 are presented in Fig. 13.

For comparison, F/T maps corresponding to the same date as Fig. 7 are shown to evaluate the performance of the classification

algorithm.430

Although the study region was relatively small and homogeneous, the F/T maps captured the frozen and thawed soil states

within an acceptable range. Across multiple dates, the algorithm performed better on the western side of the field, while the

eastern side was predominantly classified as thawed. Vegetated regions were masked (can be seen as white) using ESA World

Cover 2021 in Google Earth Engine. No reference or in situ data were available to validate the tree-covered areas. Therefore,

wooded regions were masked (appearing in white) using ESA World Cover 2021 in Google Earth Engine.435
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Figure 13. CryoSAR-derived soil F/T maps corresponding to (a) low backscatter response, (b) high backscatter response, (c) low spatial

variability, and (d) high spatial variability, based on the dates used for the VV backscatter response.

On March 1st, the soil stations could be considered to be in a thawed state, as indicated by the high VV backscatter response

(see Fig. 7), which corresponded well with the soil F/T maps for most of the fields. On 12 January 2024, a very thin snow layer

covered the ground, and the lowest backscatter response was observed over the field, supporting the interpretation of a frozen

soil state. The soil F/T maps also confirmed the frozen condition on this date.
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4 Discussion440

4.1 Soil Freeze/Thaw Monitoring using In Situ Observations

The in situ observations captured distinct soil F/T dynamics across the field sites, highlighting the combined influence of

temperature, soil moisture, and snowpack. Most stations exhibited consistent frozen conditions from mid-January onward, yet

the Winter Rye and Lower sites remained partially thawed for longer periods. This divergence likely reflects differences in

vegetation cover and soil texture. The insulating role of snowpack was evident as soil temperatures fluctuated near 0 even when445

the overlying air was below freezing, delaying the onset of persistent frozen conditions and creating intermittent thaw events

later in the season. Soil sensors’ records confirm that transitions between frozen and thawed states produce sharp contrasts in

dielectric permittivity. The combined temperature–permittivity classification used here reduced misclassification compared to

a single-threshold approach, aligning with earlier work showing that dielectric properties provide a more reliable indicator of

F/T status than soil temperature alone. Moreover, the thawing event in early January, likely associated with rainfall infiltration450

and decreased snow cover, agrees with studies linking mid-winter thaws to precipitation.

Data gaps from stations such as East Dry and Upper introduced uncertainty, particularly during periods of frequent F/T

cycling. While interpolation using IDW ensured temporal continuity, spatial variability may not have been fully captured. The

fixed thresholds applied for classification (ε′ < 10,T ≤ 0) provide a simplified representation of F/T processes and may not

account for intermediate states such as partially frozen soil or snow melt-refreeze events. Additionally, vegetation effects and455

soil type differences were not explicitly incorporated into the classification framework, despite evidence of their influence on

observed site-to-site variability. Despite these limitations, the results have important implications for the validation and calibra-

tion of microwave remote sensing observations. The strong dielectric contrasts between frozen and thawed soil highlight the

value of in situ dielectric monitoring for supporting L-band SAR applications. The combined threshold approach demonstrated

here can reduce false detections in remote sensing products that rely on either temperature or permittivity alone.460

Future work should explore adaptive classification schemes that incorporate vegetation and soil type, as well as variable

thresholds tuned to local hydrological conditions. Expanding the spatial extent of in situ measurements and coupling them with

satellite data (e.g., NISAR) would further improve the robustness of soil F/T monitoring. Incorporating snowpack properties

into the classification framework could also enhance interpretation of mid-winter thaw events. Overall, the study demonstrates

the necessity of integrating soil permittivity and temperature observations to capture the complexity of F/T processes under465

variable snow conditions.

4.2 Variability and Magnitude of VV Backscatter

σ0
V V provided clear evidence of soil F/T dynamics throughout the campaign. As expected, VV backscatter was particularly

sensitive to changes in soil dielectric properties, showing marked increases during thawing periods and decreases during sus-

tained frozen states. The increasing trends in late January, coincided with rising 2 meter air temperatures and warming of470

the snowpack layers, confirming the ability of low-frequency L-band VV backscatter to detect soil F/T transitions even under
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snow cover. The relatively small magnitude of change at East Dry station compared to Upper and Winter Rye stations suggests

localized differences in snow depth, soil type, or microclimatic conditions that buffered the soil from rapid dielectric changes.

These results are consistent with prior studies demonstrating the robustness of VV polarization in detecting soil F/T transi-

tions in seasonally snow-covered environments. Previous work has shown that VV signals penetrate snow more effectively than475

cross-polarized channels, reducing the confounding influence of vegetation and surface roughness. The observed late-January

increases in (σ0
V V ) align with the physical expectation of higher dielectric permittivity during thaw, driven by the presence

of liquid water in the soil profile. Conversely, the subsequent stabilization or decline in February reflects refreezing and the

insulating effect of snow, which dampened further variability in backscatter.

Several considerations must be taken into account when interpreting these backscatter trends. Although vegetation was480

relatively low and stable during the campaign, even sparse cover may influence scattering mechanisms under certain soil

moisture and snow conditions. In addition, while VV is less sensitive to surface roughness than cross-polarized channels, micro-

topographic changes and localized compaction under snow cannot be fully excluded as contributors to the observed variability.

The spatial differences across stations may also reflect heterogeneity in soil texture, drainage, and snow accumulation patterns,

which were not explicitly modeled in this analysis.485

These findings confirm the suitability of VV polarization for monitoring soil F/T state in agricultural environments. The

ability of VV backscatter to penetrate snow and respond directly to soil dielectric changes provides a valuable basis for cal-

ibrating and validating satellite-based L-band SAR observations. Incorporating VV backscatter response with ground-based

measurement of soil permittivity and temperature data strengthens the reliability of F/T detection algorithms and reduces false

detections caused by vegetation or roughness. Future research should expand on these findings by explicitly quantifying the490

role of soil type on SAR signal. Continuous multi-year monitoring will also help to capture interannual variability in snow–soil

interactions and enhance the robustness of VV-based F/T indicators.

4.3 Changes in Polarimetric Decomposition Parameters

The temporal evolution of surface and volume scattering powers captured by L-band SAR reflects the soil F/T state and as-

sociated snow–soil interactions. Surface scattering peaked during periods of consistently frozen soil, such as mid-February,495

confirming strong backscatter from the frozen ground. In contrast, volume scattering increased during warming periods, par-

ticularly in late February and early March, likely driven by snowmelt, melt–refreeze cycles, and ice-layer formation within the

snowpack. These trends highlight the sensitivity of volume scattering to liquid water redistribution and structural changes in

the snow-soil layer, whereas surface scattering primarily reflects frozen soil conditions or wet snow condition (which was not

investigated in this study).500

The observed spatial variability of scattering parameters across stations emphasizes the influence of heterogeneous soil type,

land cover, and local incidence angles. Despite low vegetation height and winter conditions, elevated volume scattering on

certain dates could be related to residual effects of micro-topography and the Freeman–Durden decomposition’s tendency to

overestimate volume contributions due to depolarization. Comparisons with in situ temperature and permittivity measurements

confirm the physical consistency of SAR-derived scattering components with actual soil F/T states, reinforcing the reliability of505
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model-based polarimetric decomposition for monitoring F/T dynamics. These results suggest that combined analysis of surface

and volume scattering can improve detection of F/T transitions under variable snow cover. Surface scattering provides robust

indicators of frozen soil, while volume scattering is more responsive to thawing events and snowpack dynamics. Incorporating

these insights into operational SAR-based monitoring can improve the interpretation of soil moisture and F/T processes across

heterogeneous agricultural landscapes.510

4.4 Improved Integral Equation Model

The comparison between CryoSAR observations and I2EM-simulated backscatter indicates that physically-based forward mod-

els have limited capability to reproduce soil F/T dynamics when constrained by sparse in situ measurements. Evaluations of

I2EM performance at L-band reveal notable discrepancies between modeled and observed backscatter, suggesting that soil F/T

analysis relying on this model may be unreliable in the absence of more accurate calibration.515

The analysis of L-band airborne SAR data for soil F/T investigation using the I2EM model indicates that fully polarimetric

observations are more accurately reproduced in the VV and HV channels, whereas the HH backscatter is substantially under-

estimated by approximately 9 to 22 dB. Whether this discrepancy arises from intrinsic limitations of the I2EM formulation

at L-band HH polarization or from shortcomings in the parameterization of L-band inputs remains open and requires further

investigation using additional gravimetric soil measurements, enhanced surface roughness characterization.520

These findings confirm that I2EM is unable to reliably capture the dominant changes in winter backscatter in the absence of

sufficient gravimetric field data, particularly when backscatter variability is primarily controlled by soil dielectric properties.

Discrepancies between predicted and measured values highlight clear limitations of the model. The deviation from the 1:1 line

and the elevated RMSE values indicate a pronounced tendency of I2EM to underestimate backscatter, especially in the HH

channel. Comparable biases have been reported in previous IEM-based studies, where depolarization effects associated with525

surface roughness and vegetation were not fully represented.

The observed backscatter errors were primarily associated with surface roughness, a key factor governing electromagnetic

scattering at the soil surface, as well as with the parameterization of the Dobson (1985) dielectric mixing model using a single

gravimetric soil measurement. Uncertainties related to surface roughness, including measurement errors, spatial heterogeneity,

and reliance on single-time observations, together with one-time gravimetric soil sampling prior to the snow-on period, have530

been identified as major contributors to the model’s inability to reproduce backscatter measurements from airborne sensor.

Furthermore, the use of a single UAV-based roughness measurement, although operationally practical, may have introduced

additional uncertainty by failing to capture temporal variability across the study site. Future improvements should prioritize

enhanced model parameterization through more intensive ground-based observations and the integration of dynamic roughness

measurements to better represent complex scattering processes.535

4.5 CryoSAR-derived Freeze/Thaw Maps

Figure 13 presents examples of the retrieved F/T soil states derived from CryoSAR airborne measurements at a spatial resolu-

tion of 1× 1m, during the transition from frozen to thawed conditions. Figure 13-a shows a predominantly frozen state of the
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soil, while Fig. 13-b shows a mostly thawed state. Fig. 13-c and Fig. 13-d illustrate areas with low and high spatial variability

across the study region, respectively.540

On the western side of the field, the algorithm classified most areas as frozen, which is consistent with field conditions, as the

stations were located in open fields with little to no vegetation cover, enabling rapid soil freezing. Although tree biomass was

not expected to contribute substantially to backscatter sensitivity of L-band SAR, the central part of the field exhibited some

influence from trees and branches. Because tree biomass freezes less than soil, the algorithm classified these areas as thawed.

5 Conclusions545

There is limited understanding of how lower-frequency backscatter and polarimetric parameters, such as L-band SAR, respond

to soil F/T transitions under snow-covered conditions, particularly when validated against comprehensive ground-based soil and

weather measurements. To address this gap, this study analyzed a season-long time series of airborne L-band SAR observations

over a well-instrumented study area. Unlike previous work that relied mainly on coarser-resolution C-band SAR data, this

research focuses on high-resolution (1× 1m) L-band imagery, providing an opportunity to assess whether lower-frequency550

SAR at fine spatial scales can effectively capture F/T transitions. By linking soil temperature and moisture dynamics to VV

backscatter and polarimetric decomposition results, we isolated the contributions of surface and volume scattering under frozen

and thawed conditions. Finally, the I2EM forward model was employed to retrieve soil state and map its spatial distribution,

demonstrating a physically based approach for L-band F/T monitoring.

Airborne L-band SAR data from the 2023 and 2024 winter seasons were used to examine soil F/T conditions. Due to warmer-555

than-average temperatures and significantly reduced snowfall, only two datasets were acquired for the winter 2023–2024

period, which experienced milder conditions than a typical Ontario winter. Despite this, time-series analysis of in situ soil

station and nearby weather station data confirmed that both the backscatter response and the Freeman–Durden-derived surface

and volume scattering components captured seasonal changes in soil state. The results showed a general decrease in backscatter

as temperatures dropped below freezing, consistent with in situ observations. Volume scattering dominated during thaw periods,560

while frozen soil conditions were characterized by increased surface scattering.

These findings highlight opportunities for further investigation into the use of polarimetric decomposition and physically

based models such as I2EM for soil F/T detection. In particular, incorporating temporally resolved surface roughness and

gravimetric soil measurements may improve model parameterization and enhance the accuracy of simulated backscatter. Addi-

tionally, detailed characterization of vegetation type, height, and snow-covered canopy conditions could help explain variations565

in decomposition response. Finally, future research should explore how melt–refreeze cycles and evolving snowpack condi-

tions influence both backscatter behavior and decomposition dynamics. This study was conducted in winter, when vegetation

cover was minimal. Under conditions with denser vegetation, mapping frozen areas would likely be more challenging, partic-

ularly when temperatures hover just below 0◦C, as the contrast in backscatter between frozen and unfrozen surfaces tends to

decrease.570
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Appendix A

Figure A1. Time-series of soil temperatures
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Figure A2. Temporal variability of co-polarization VV backscatter observed throughout the CryoSAR field campaign. The plot illustrates

changes in VV polarization over the study site, highlighting spatial and temporal fluctuations during the measurement period.
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