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Abstract. Radiometric measurements at L-band (1.4 GHz), collected in the Canadian Arctic in 2024, are used to study which

type of model best reproduces the observations. While incoherent radiative transfer models are standard for sea ice thickness

retrievals, they neglect phase interference effects. However, the observations analyzed here can only be explained when inter-

ference phenomena are explicitly included, requiring a coherent approach. To reduce uncertainties and ensure the robustness

of the models, an optimal estimation method is used to determine snow and sea ice parameters consistent with the measured5

brightness temperatures and in situ measurements. The results show that the coherent model reproduces the observations sub-

stantially better than the incoherent formulation, yielding less than half the total cost with respect to the in situ measurements

and being approximately 30,000 times more likely to explain the observations. These findings highlight the relevance of co-

herence effects at L-band, which are commonly neglected, at least in the context of local in situ measurements.

1 Introduction10

Arctic sea ice extent and thickness have been declining rapidly (Perovich et al., 2020), with first-year ice now dominating,

exhibiting thus a transition to younger, thinner ice (Meredith et al., 2019). Monitoring thin Sea Ice Thickness (SIT) is there-

fore essential for understanding these changes, and satellite-based SIT retrievals provide important insights into the state and

evolution of this key variable. In particular, L-band radiometers, such as the European Space Agency (ESA) Soil Moisture and

Ocean Salinity (SMOS) satellite (Kerr et al., 2010) and the NASA Soil Moisture Active Passive (SMAP) satellite (Entekhabi15

et al., 2010), have become indispensable for tracking thin ice because of their sensitivity to it. Particularly, due to the large

penetration depth at this frequency, which allows for thickness retrieval up to approximately 1 m (Kaleschke et al., 2012).

However, despite advances in algorithm development, significant uncertainties remain in modeling L-band emissions from

snow-covered sea ice (Maass et al., 2015).

20

At L-band, SIT can be estimated up to a certain limit, ranging from a few centimeters to more than one meter, depending

on the conditions, mainly temperature and salinity, and thus of the permittivity of the medium (Kaleschke et al. (2012), Hunte-
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mann et al. (2014)). Electromagnetic waves propagating through ice and snow are subject to absorption and scattering between

media layers, although the latter has proven to be negligible at this low frequency (Hernández-Macià et al., 2024). However,

different radiative transfer models with distinct approaches differ in the computation of the sea ice brightness temperature25

(TB). For spatially homogeneous distinct layers with a thickness less than or similar to the wavelength of the electromag-

netic radiation, coherence effects can influence the emitted radiation, eventually measured by the sensors. Previous attempts

to tackle L-band sea ice emission modeling have mainly utilized an incoherent approach, i.e. neglecting the phase information

and only consider power propagation. Current operational remote sensing products, such as the ESA’s SMOS sea ice thickness

product (Tian-Kunze et al., 2014), partially consider coherence effects within a semi-coherent model, accounting only for the30

interference between the sea ice top and bottom, ignoring the snow. Nevertheless, the effect of this features in the measured

TB has been observed in previous works (Hallikainen (1983), St. Germain et al. (1993)). However, it remains unclear how

this locally-observed coherence patterns can affect the TB measured in the satellite sensor’s footprint of several kilometers. To

this day, there are still only few observational datasets that clearly capture coherent signatures under well-characterized field

conditions, so that their potential relevance for L-band sea ice emission remains insufficiently quantified and coherence is often35

neglected in practical modeling and further satellite retrievals.

In this work, data from the ARIEL L-band radiometer (Microwave Sensors and Electronics S.L.; Gabarró et al. (2022))

from a winter campaign in January 2024 at the Canadian High Arctic Research Station (CHARS, Cambridge Bay) is analyzed.

Alongside the radiometric measurements, the sea ice and snow conditions were measured, allowing the possibility of under-40

standing the observed TB. To interpret the data collected, the measurements are compared to coherent (Wilheit, 1978) and

incoherent (Ulaby et al., 2014) radiative transfer models. However, to address possible input uncertainties coming from the in

situ measurements, a method similar to an optimal estimation is used to assess the likelihood of the data being measured on

the field.

2 Field study and data preparation45

In January 2024, a joint campaign between the Institute of Marine Sciences (ICM-CSIC), the University of Bremen (UB), and

the University of Victoria (UV) was conducted out of the Canadian High Arctic Research Station (CHARS), in Cambridge

Bay, Canada. Among other measurements, the ARIEL L-band (1.4 GHz) radiometer was used to measure the TB of different

snow-covered sea ice sites. This instrument is portable, allowing measurements at different surfaces. It has a opening angle

of 36◦ in azimuth and 70◦ in elevation, mounted at 1-m height with respect to the surface, resulting in an estimated surface50

ellipsoidal-shaped footprint of 1.2 m in diameter. The setup for this experiment was the same as in the MOSAiC expedition,

which is thoroughly described in Gabarró et al. (2022) and showed in Figure 1a. In this field campaign, the radiometer was

deployed between the 17 and 25 January. The procedure was based in conducting several transects with multiple stops in which

the radiometer measured the emission from the snow-covered sea ice, alongside other complementary measurements, such as

ice auger drillings and ice corings and snow pit sampling to gain insight about the ground conditions.55
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(a) ARIEL L-band radiometer setup.

(b) RADARSAT Constellation Mission

SAR image of the area where the field

campaign was conducted, highlighting the

three characterized sites: CLO, MID, and

FAR. The false-color, based in backscatter

for different SAR polarizations, is used for

display (R=HH; B=HV; G=VV).

Figure 1. Overview and location of the sampled sites, alongside the ARIEL instrument setup.

All ARIEL measurements have been co-located with the ice thickness drillings and corings, and snow pits, thus obtaining the

snow and ice conditions for each radiometer measurement. Particularly, ice drillings provide the snow and sea ice thickness’,

while ice cores deliver the same information in addition to the sea ice temperature and salinity. Finally, snow pits provide

again the snow depth, but also its density, temperature and salinity. Overall, the encountered sea ice was thick (approximately

90±5 cm), and homogeneous around the different sites characterized. Contrarily, the snow depth and density presented much60

more variability, most likely driven by differences in wind and snowfall intensities, as well as through redistribution by wind

within each site.

Figure 1b shows the location of the three sites that were sampled: CLO, MID, and FAR, named after the distance with respect

to the base. A C-band frequency RADARSAT Constellation Mission SAR image of the area, acquired on 15 January 2024,65

shows how each site has a different backscatter response, which indicates that the ice at each site was grown at different times

and under different conditions.

The sampled areas had an approximate length of about 1.5, 2.5, and 4 km for the CLO, MID, and FAR sites respectively.

In order to characterize each sampled site, multiple co-located measurements were performed: for the CLO site, sixteen ice

drillings, one ice core, and two snow pits; for the MID site, nine ice drillings, two ice cores, and four snow pits; and for the FAR70

site, four ice drillings, one ice core, and two snow pits. Specifically, sea ice thickness was higher and most variable at the CLO

site, where the mean value reached 0.949± 0.034 m. The MID site had thinner and more uniform ice, with a mean thickness
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CLO MID FAR

Site characteristics

Sampled area length (km) 1.5 2.5 4.0

Co-located measurements

Ice drillings 16 9 4

Ice cores 1 2 1

Snow pits 2 4 2

Sea ice thickness

Mean (m) 0.949 0.867 0.858

Standard deviation (m) 0.034 0.018 0.018

Snow depth

Mean (m) 0.073 0.087 0.077

Standard deviation (m) 0.036 0.045 0.043

Table 1. Summary of sampling sites (CLO, MID, and FAR) characteristics and measurements.

of 0.867± 0.018 m. The FAR site showed slightly thinner ice, averaging 0.858± 0.018 m. Snow depth patterns revealed even

stronger spatial variability. At the MID sites, snow was thickest and most variable on average, with 0.087±0.045. The FAR site

followed closely with an average snow depth of 0.077± 0.043 m. Meanwhile, the CLO site had a slightly lower snow depth75

and also less variability, averaging 0.073± 0.036 m. The ice corings revealed that the ice salinity was high but homogeneous,

while the temperature exhibited much more variability. This can be explained by the spatial variability of the snow depth that

induces the thermal isolation of its ice underneath. This is summarized in Table 1.

Even though measurements were performed at multiple incidence angles with ARIEL, in this work only those done at80

40° are considered, totaling thirty-five measurements. This selection is done because it matches the fixed incidence angle of

SMAP. Furthermore, the TB intensity (first Stokes parameter, defined as (TBH +TBV)/2) over sea ice is almost independent

of incidence angle in the 0–40◦ range (Tian-Kunze et al., 2014), so fixing the angle does not strongly affect the total emission.

In contrast, the polarization difference (PD) increases with incidence angle and is smallest near nadir, such that using a single

oblique angle still allows us to capture a clear polarization split while keeping the geometry fixed and reducing the number85

of variables and associated uncertainties. The full multi-angle ARIEL dataset is used as a consistency check: the measured

angular dependence of TB and PD follows the expected L-band signatures over sea ice (weak angular dependence of intensity

and increasing PD with angle), which confirms the nominal operation of the instrument.
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3 Emission modeling

The coherent model is based in Wilheit (1978), and hereafter it is called Wilheit model. This model uses wave-based radiative90

transfer for plane parallel layered media. Here, each layer is described only by its temperature and permittivity, so that scattering

effects are not part of the model. An infinite number of reflections between the layers are considered. This is of importance

specially when there is a thin layer of snow above the sea ice, as explored in Huntemann (2015). However, these effects can be

rapidly vanish if there is roughness on any of the interfaces, i.e. air–snow, snow–ice, or ice–water, or spatial thickness variations

across the instrument footprint exceeding the wavelength. Nevertheless, at L-band, the wavelength within the medium is greater95

than the typical small-scale roughness variations of the order of a few centimeters. Therefore, the roughness alone is not an

argument for an incoherent treatment. The Wilheit model is particularly selected because it is the only coherent formulation

that accounts for interference effects of the wave phase throughout the entire medium. The alternative option, the Microwave

Emission Model of Layered Snowpacks (MEMLS, Wiesmann and Mätzler (1999)), incorporates interference only within very

thin snow layers, after which coherence is effectively lost.100

In order to compare the performance of the coherent model on matching the measured TB, an incoherent model (Ulaby et al.

(1986), Gabarro et al. (2017)) is included in the study. This model is a simple implementation of a radiative transfer model

considering also an infinite number of reflections between the layers, but neglecting the interference effects from the phase by

using power instead of wave propagation. Like for the coherent model, a layered media of air-snow-ice-water is assumed, and

the same variables and permittivity formulations are used.105

In this work, the sea ice permittivity is modeled from the approximation described in Jones and Friedman (2000), specifically

with the Maxwell-Garnett classical mean field theory. The brine inclusions trapped within the ice are assumed to be a randomly

oriented ellipsoid with a given axis ratio, i.e. the ratio between the length (z-axis, major) and the width (x-axis, minor). There-

fore, a higher axis ratio corresponds to a more elongated ellipsoid, approaching an infinite needle shape. Conversely, a small110

axis ratio indicates that the inclusion is more spherical when it is close to 1, whereas values approaching 0 imply an increas-

ingly oblate shape, with 0 representing a disc of infinite extent. In this work, the axis ratio is transformed to logarithmic space

to ensure positivity and better scaling. The shape of the brine inclusions is usually determined by the ice growth conditions, and

this information is not a priori known. Needle-like inclusions can form under harsh ice formation conditions, whereas smoother

conditions with minimal temperature fluctuations may produce spherical inclusions. A detailed analysis of the extreme cases115

can be found in Huntemann (2015) and Hernández-Macià et al. (2024). Since this permittivity formulation involves the mixing

of two different substances, ice and brine, their permittivities are required. The permittivity of pure ice is thus modeled using

the formulation proposed by Mätzler (2006), whereas the one for the brine comes from Stogryn and Desargant (1985). The

real part of the complex permittivity for the snow layer is taken from Mätzler (1996), while its imaginary part is based on Tiuri

et al. (1984) and Mätzler (2006). Finally, the complex permittivity of seawater is determined using the model from Klein and120

Swift (1977), assuming a standard Arctic Ocean salinity of 33.
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To better disentangle the signal sensitivity to sea ice thickness from the simultaneous adjustment of multiple ice parameters,

the role of the penetration depth (δ) can be explicitly analyzed. Temperature, salinity, and brine inclusion shape (through the

axis ratio) jointly determine the complex permittivity of sea ice. This permittivity, in turn, controls two key radiative properties:125

the penetration depth, which governs from which depth most of the observed radiation originates and therefore when the TB

becomes saturated with increasing thickness, and also the transmissivity at the snow-ice interface.

The penetration depth can be expressed as (Ulaby et al., 2014):

δ =
c

πf

√
ϵ′

ϵ′′
, (1)

where c is the speed of light, f the frequency, and ϵ′ and ϵ′′ are the real and imaginary parts of the permittivity, respectively.130

Physically, δ corresponds to the depth at which the intensity of radiation propagating through the medium decreased by 1/e. In

practice, it provides an estimate of the thickness range over which TB remains sensitive to changes in sea ice thickness before

approaching saturation. By examining δ as a function of temperature, salinity, and axis ratio, it can therefore be illustrated how

variations in these parameters modify the effective emission depth and, consequently, the sensitivity to ice thickness. Figure2

shows that the penetration depth exhibits a strong dependence on the brine inclusion shape throughout the temperature and135

salinity spectrum. Assuming spherical inclusions (α = 1) leads to unrealistically large penetration depths at L-band, implying

a delayed TB saturation with thickness. In contrast, disc-shaped inclusions (α = 0.1) or moderately prolate spheroids (α = 5)

produce comparable penetration depths, consistent with the reported L-band sensitivity to sea ice thickness up to approximately

1 m (Kaleschke et al., 2012). As the axis ratio increases further towards needle-like inclusions (α = 10), δ decreases, reducing

the effective emission depth and thus the thickness range over which TB remains sensitive.140

Regarding the sensitivity to snow layer thickness, Figure 3 presents the modeled TB as a function of snow depth. The

snow density is fixed at 300 kgm−3, while the underlying sea ice thickness is kept constant at 0.9 m. Particularly, the solid

line corresponds to a fixed incidence angle simulation, while the dashed line is the simulation integrated over the varying

incidence angle within the ARIEL footprint weighted by the gaussian approximation of the antenna gain pattern (σ = 14.87 and145

σ = 15.29 for vertical and horizontal, respectively). The undulation of TB with increasing snow depth is caused by interference,

reaching higher TB and also low PD at given snow path lengths, i.e. at certain snow depth and density. The output from the

incoherent model is also shown in Figure 3 as a dotted line, result in an average of coherent model TB’s, and not showing any

sensitivity to the snow depth. The initial vertical dotted line connects the case of no snow cover, to a infinitesimal thin snow

layer, which is an necessary artifact of an incoherent model. The undulation in the coherent simulations are stronger in TBH150

compared to TBV since a majority of the signal is transmitted without reflection.

4 Model-based optimization of measurements

Even though in situ data from the sea ice and snow conditions were collected throughout the campaign, there exist uncertainty

regarding how these samples are representative of where the radiometer was measuring. The sea ice thickness was proven to
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Figure 2. Penetration depth (δ) as a function of sea ice temperature and salinity for fixed axis ratios (α): 0.1 (disc, orange), 1 (sphere, blue),

5 (prolate spheroid, green), and 10 (needle, purple). Contours indicate selected thicknesses: 0.2 m (solid), 0.5 m (dash-dotted), 1 m (dashed),

and 2 m (dotted).

be thick and homogeneous around, in the three different characterized regions. Similarly for the other sea ice conditions, i.e.155

salinity and temperature, there was no major distinction between the sites. However, the sea ice was grown at different times

and under different conditions, so a difference in the permittivity could be expected due to the shape of brine inclusions within

the ice, which was not measured. Another important source of uncertainty was the snow depth, since high variability was

observed around within each site. This variability between different measurements is crucial to understand the observations, as

TB is highly dependent on it, as shown in Figure 3.160

To overcome this problem, a method similar to an optimal estimation framework is utilized. A cost function is minimized

using the Nelder-Mead method (Gao and Han, 2012). Given the TB dependencies and the in situ measurements collected, six

variables are optimized: snow depth (dsnow), snow density (ρsnow), sea ice thickness (dice), sea ice temperature (tice), sea ice

7
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Figure 3. Brightness temperature as a function of the snow depth modeled with the Wilheit coherent model. The solid line is com-

puted for a fixed incidence angle of 40◦, while the dashed is computed by integrating over the ARIEL’s antenna pattern centered at

40◦ with surface homogeneity assumption. The dotted line shows the output of the incoherent model. The simulated conditions are:

Tsnow = −15 ◦C, ρsnow = 300 kg ·m−3, dice = 0.9 m, Tice = −10 ◦C, Sice = 5, α = 5.

salinity (sice), and axis ratio (α). The latter is crucial for modeling the sea ice permittivity when the temperature and salinity165

conditions are fixed. Regarding dice, even though the encountered ice was almost 1 m thick and homogeneous, numerous

works have shown its influence on the TB at L-band (Kaleschke et al. (2012), Tian-Kunze et al. (2014), Huntemann (2015)),

thus justifying its inclusion in the optimization. The initial guesses for the optimization routine are taken from the in situ

measurements that have more proximity in time and space. The objective function to be minimized is defined following the

optimal estimation framework described by Rodgers (2000):170

J(x) = [y−F(x)]T S−1
ϵ [y−F(x)] + [x−xa]T S−1

a [x−xa] (2)

where y = [TBobs
H ,TBobs

V ]T is the measurement vector containing the observed brightness temperatures from ARIEL. The

state vector x consists of the six geophysical parameters retrieved in the optimization:

x = [dsnow,ρsnow,dice, tice,sice, log10 α]T

The a priori state vector derived from the in situ measurements is xa. In fact, there is no fundamental difference in meaning175

between the left-hand side (y) and the right-hand side (x) of Eq. 2, as both the TBs and the geophysical variables represent

measurements. The distinction lies solely in the space in which they are defined: y is expressed in TB space, whereas x

resides in the state-parameter space, with the two connected through the corresponding forward models. F(x) is the forward

radiative transfer model (coherent or incoherent) that maps the state vector to the observation space. Finally, Sϵ and Sa are the
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covariance matrices representing the measurement and a priori uncertainties, respectively. These matrices are assumed to be180

diagonal, implying no correlation between the errors of the different variables, with the diagonal elements corresponding to the

squared uncertainties (σ2). In particular, an uncertainty of 5 K is assumed for both TB polarizations of the ARIEL instrument,

as this constitutes a reasonable error budget that prevents the observations from driving the in situ measurements beyond their

stated uncertainties. Adopting a larger value would effectively permit excessive deviations from the measurements, which

is not desirable. For the snow and sea ice variables, the uncertainty is computed quantifying how certain we are about the185

in situ measurements. These can vary for each measurement depending on the observation conditions, e.g. time difference

between ARIEL measurement and in situ observation, or distance to the ARIEL footprint and its homogeneity. Furthermore,

the dispersion encountered in each particular site is also accounted, as well as the quantity of in situ measurements collected

for each variable in each site characterized. Particularly, snow density has wide priors due the limited number of density

samples collected, unlike snow depth measurements which were obtained from more frequent coring and drilling operations.190

As a result, most ARIEL measurements lack an associated density sample, leading to the assumption of a wide uncertainty for

them. Regarding the axis ratio, which cannot be directly measured, the same prior and σ values are used across all sites and

measurements.

5 Results and discussion

Eight separated simulations are performed, one for each time a site was characterized: CLO, MID-1, MID-2, and FAR, for both195

the coherent and the incoherent models. The MID site was sampled on two separate occasions with sufficient temporal separa-

tion to treat them as distinct sites. Table 2 summarizes the a priori values and uncertainties for the snow and ice parameters used

in the optimization for each site. For each ARIEL measurement, the a priori values, i.e. the measurements that conform xa, are

taken from the nearest co-located in situ sample. The uncertainties are assigned individually for each measurement based on

the assessment of data availability and quality. The criteria is as follows: for snow depth, smaller uncertainties (0.005-0.01 cm)200

are assigned when multiple nearby drillings confirmed local conditions, while larger values (0.02 cm) are used when fewer and

sparser samples are available. For snow density, uncertainties ranged from 25 kg m−3 when co-located snow pit data exists,

to 100 kg m−3 when density information is sparse or extrapolated from distant locations. For sea ice thickness, uncertainties

of 0.01 m are assigned when multiple drillings confirm homogeneity, increasing to 0.05 m when fewer measurements were

available or greater spatial variability is observed. Regarding the sea ice conditions, temperature and salinity, constant priors205

are given for each site as only one ice cores was collected for each of them. Similarly, the uncertainty is fixed across measure-

ments and sites, at 2 °C and 1.0, respectively. The brine inclusion axis ratio, which cannot be directly measured, is fixed at

5±1.3 (equivalent to ≈ 0.7±0.1 in logarithmic space), corresponding an intermediate prolate ellipsoidal shape and providing

sufficient flexibility for the optimization to adjust within a physically plausible range under the observed conditions. Further-

more, this selection is motivated by the use of the single sea ice layer in the model, such that the resulting effective permittivity210

is intended to be representative of the entire ice column. In a more general framework, a multilayer ice representation with

layer-dependent permittivity could be implemented to account for vertical variability within the ice.

9

https://doi.org/10.5194/egusphere-2026-1336
Preprint. Discussion started: 13 March 2026
c© Author(s) 2026. CC BY 4.0 License.



(a) Coherent model. (b) Incoherent model.

Figure 4. Optimized snow depth, snow density, brightness temperatures TBH and TBV, axis ratio of the brine inclusions α, sea ice tempera-

ture, salinity, and thickness, for each measurement in each sampled site. The optimal values are shown as stars, while the measurements are

shown in points with their uncertainties as error bars.
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Parameter CLO MID-1 MID-2 FAR

Snow layer

Snow depth (dsnow) [cm] 4.50− 14.00 5.50− 18.50 5.00− 13.50 0.00− 13.50

Uncertainty (σdsnow ) [cm] 0.01− 0.02 0.01 0.02 0.005− 0.02

Snow density (ρsnow) [kg m−3] 267− 355 350− 367 300− 350 365− 400

Uncertainty (σρsnow ) [kg m−3] 25− 50 50− 100 50− 100 50− 100

Sea ice layer

Sea ice thickness (dice) [m] 0.895− 0.99 0.855− 0.89 0.93 0.84− 0.92

Uncertainty (σdice ) [m] 0.01− 0.05 0.01 0.05 0.01− 0.05

Sea ice temperature (Tice) [°C] −13 −11 −20 −17

Uncertainty (σTice ) [°C] 2 2 2 2

Sea ice salinity (Sice) 5.32 4.60 4.50 4.80

Uncertainty (σSice ) 1.00 1.00 1.00 1.00

Brine inclusions axis ratio (α) 5.0 5.0 5.0 5.0

Uncertainty (σα) 1.3 1.3 1.3 1.3

Table 2. A priori values and uncertainties for the snow and sea ice parameters used in the simulations.

The specific uncertainty assigned to each measurement is shown as error bars in Figure 4. Detailed prior values, uncertainties,

and optimization settings are explicitly documented in the publicly available code repository (see Code and data availability).

215

Figure 4 shows the results of minimizing the objective function by simulating each measurement. It illustrates the variability

of the optimized variables within each sampled site, along with their a priori values and σ bounds represented as error bars.

Sea ice thickness shows almost no significant variation for neither of the models, as the measured ice was already quite thick,

almost 1 m, resulting in no observable sensitivity (see Figure 2). There is also almost no variation between the prior and the

optimized values for the sea ice temperature and salinity, even thought the incoherent model shows more variation as it relies220

on these variables, alongside the axis ratio, to change the permittivity trying to match the low PD of some measurements. For

the same reason, the optimized axis ratio presents more variation for the incoherent model. Ultimately, the incoherent model

has no sensitivity and thus no variation for the snow depth, while it shows changes in its density to better align with the ob-

served TB. Contrarily, the coherent model is matching the observed TB by adapting snow depth and density, but despite that,

the optimized values result quite close to the prior values and mostly within the uncertainty bounds.225

Instead, TBH and TBV are shown to inform about how good the convergence of the simulation is. Almost all the differences

are contained within±5 K for the coherent model, with the major disparities corresponding to the vertical polarization. In fact,

it is shown that the incoherent model is able to reasonably match those observations with higher PD, but it is totally unable to

reproduce those with lower PD (it only matches TBV, but not TBH). Contrarily, the coherent model is matching TBH and TBV230
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Figure 5. Left: Minimized cost for each measurement, for both the coherent and the incoherent models. Right: Minimized cost as a function

of the optimized snow depth, for both the coherent and incoherent models.

for measurements with both higher and lower PD. Since the optimization is not artificially bounded, the optimal values can

be outside the σ range, as it happens specially for the FAR measurements. The axis ratio, as expected, it exhibits the greatest

dispersion. Ideally, there should be no dispersion in snow and ice conditions within a site, as the measurements were taken in

close proximity. However, significant differences emerge, particularly in MID-2 and FAR, specially for the incoherent model.

This aligns with the fact that these two sites exhibit greater uncertainty due to larger variations among the multiple samples235

taken within the same area, and that less ancillary co-located measurements were performed.

Figure 5 shows the minimized costs per measurement and also as a function of the optimized snow depth, for both the co-

herent and incoherent models. Overall, the coherent model keeps the cost per measurement considerably below the incoherent

model, except for a few observations in FAR. When shown as a function of the snow depth, it is clearly shown that the coherent240

model presents lower costs throughout the snow depth range, and that the incoherent has substantially higher costs specially

around 0.05 m, where the two polarizations are closer (see Figure 3). Computing the total minimized cost yields 75.72 for

the coherent model, compared to 164.40 for the incoherent model. However, since the incoherent model has one fewer free

parameter (due to its lack of sensitivity to snow depth), the Bayesian Information Criterion (BIC, Stoica and Selen (2004)) is

used to determine the most suitable model. It can be computed as245

BIC =
K∑

i=1

Li + nKln(m), (3)

where K = 35 is the number of observations, Li is the cost per observation, n is the number of free parameters, and m is the to-

tal number of measurements (including all variables, i.e. n+2). Therefore, it results in BICcoh = 75.72+6·35·ln(8) = 512.40

for the coherent, and BICinc = 164.40+5 ·35 · ln(8) = 528.30 the incoherent model. Therefore, the analysis reveals a differ-

ence of ∆BIC = 15.9 in favor of the coherent framework. The relative probability that the incoherent model is the correct one250

compared to the coherent model can be computed as exp(−∆BIC/2). This calculation results in a probability of 3.53×10−4,

indicating that the likelihood of the incoherent model explaining the observations is negligible compared to the coherent model,
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Figure 6. Left: Histogram of the minimized cost for each measurement for the coherent model. Right: Histogram of the minimized cost for

each measurement for the incoherent model.

thus providing decisive statistical evidence for the latter. In other words, the coherent model is ≈ 30.000 times more likely to

reproduce the in situ observations than the incoherent model. This is further illustrated in Figure 6, which presents a histogram

of the minimized cost values for both the coherent and incoherent models. The incoherent model exhibits a more pronounced255

tail toward higher cost values, with several values extending well beyond 8–10 and even reaching the largest costs in the sam-

ple. In contrast, the coherent model shows a clear concentration of solutions at low cost values (predominantly below 3), and

only a few cases exceeding 5. Overall, the distribution for the coherent formulation is more compact and skewed toward lower

costs, indicating a systematically better fit to the observations.

260

To investigate how our observations fit, Figure 7 presents the results of the simulation by showing the TB modeled using the

optimized variables for each measurement, for both the coherent and the incoherent models. Given that the TB is represented

as a function of the snow depth, the deviation between the in situ and the optimized values is shown. The two upper plots (from

the CLO and MID-1 sites) show a good match between the coherent-modeled TB and the observations, while the incoherent

model is not capable of reproducing the measurements with low PD. Furthermore, the dispersion between the TB simulations265

for each measurement in the same site is kept small, as well as the deviation between the a priori and the optimized snow depth

values. This matches with the fact that for the CLO and MID-1 sites there is more consistent information regarding the snow

and sea ice conditions. For the MID-2 site the results are less conclusive. Reasonable agreement is obtained for two points,

particularly with the coherent model, whereas the remaining two points show substantial discrepancies. This behavior can be

attributed to the limited snow depth information available at this site: although the coherent model is able to reproduce the ob-270

served TBs, the match is offset in terms of snow depth. Moreover, while a visual inspection might suggest that the incoherent

model is closer to the observations, this apparent agreement arises from its lack of sensitivity to snow depth. As a result, the

signal is not shifted, yet the TB values are still not properly reproduced. Finally, the last sampled site (FAR) presents the major

dispersion in both the optimized TB and snow depth values. Similarly as for the previous site, the agreement is reasonable for

most of the observations, while a few are shifted, and again this matches with having fewer measurements of the snow and sea275

ice conditions. It is worth noting that the two FAR points with lower snow depth correspond to snow removal experiments. As
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Figure 7. Measured brightness temperature as a function of the in situ measured snow depth (dot points, obs - TBH/V measured), alongside

the brightness temperature modeled with the Wilheit coherent model computed with the optimized variables (star points, opt - TBH/V coh

model), and the brightness temperature modeled with the incoherent model computed with the optimized variables (cross points, opt - TBH/V

inc model). The dashed lines connect each three points that correspond to the same measurement. The continuous lines are the brightness

temperature modeled with the coherent model using the optimized variables computed for a range of snow depths (TBH/V coh model).

shown, the measured TBs are reproduced by the coherent model with very small optimal snow depth values. Although the op-

timized depths are not exactly zero, they remain sufficiently low to be physically plausible, given that complete snow removal

cannot be guaranteed during the experiments, particularly when accounting for possible contributions from the borders of the

snow-free area.280

It is worth noting that the assumption of small-scale homogeneous snow is necessary to preserve the coherent component of

the signal generated at the snow–ice interface. Under this assumption, the wave reflected at the snow surface maintains its phase

relationship with the upward emission from below, enabling interference between the two contributions. This homogeneity was

visually confirmed during the field campaign, and refers to the footprint scale of the ARIEL sensor rather than to the broader285
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heterogeneity between the different stops within each site (CLO, MID, FAR). Coherent simulations already account for spatial

averaging through the integration over incidence angles, and additional tests run with randomized snow depth perturbations of

1–2 cm show only minor impacts on the modeled brightness temperatures, so this extra variability was not further considered.

Besides that, sensitivity tests show that varying the a priori values within a reasonable range had little impact on the retrieved

parameters, and, given that all priors except the axis ratio are based on in situ measurements, they can be considered sufficiently290

reliable. The optimized parameters mostly remained within their expected uncertainty ranges, indicating that the solution is

physically plausible rather than an overfit to noise. For completeness, tests using an alternative global optimization method

(Simulated Annealing) yield nearly identical optimal values, further supporting the robustness of the method.

Overall, the results strongly suggest that the coherent model is the only physical approach capable of matching the observa-295

tions, since for the incoherent model the small PDs are not part of their solution space given the same input variables. Particu-

larly, while the incoherent model show sensitivity to snow presence if thermodynamic correlations are considered (Maass et al.,

2015), it fails to explain key features of the ARIEL measurements. Notably, the high TBH values observed cannot be explained

under any circumstances by an incoherent model. The polarization split caused by the interface transition is too pronounced in

such models, leading to TBH values that are significantly lower than the ARIEL measurements.300

6 Conclusions

This study has demonstrated the effectiveness of a coherent radiative transfer model in modeling L-band radiometric observa-

tions of snow-covered Arctic sea ice collected during a winter field campaign at CHARS in January 2024. The measurements,

obtained with the ARIEL portable radiometer at a fixed incidence angle of 40◦, have been analyzed together with in situ data

on snow and sea ice conditions. The use of a coherent model, which incorporates interference effects at the snow-ice inter-305

face, successfully reproduced observed brightness temperatures and their low PDs. This contrasts with widely-used incoherent

models, which neglect these effects and fail to explain the observed patterns.

The minimization of the cost function within the optimization, effectively allows the retrieval of the optimal state of all

parameters involved, namely snow depth, snow density, sea ice thickness, sea ice temperature, sea ice salinity, and the brine

inclusion axis ratio. This approach addressed uncertainties in the in situ measurements, providing optimized values that align310

with the observed TB. The results highlight snow conditions as a critical factor influencing TB variability due to coherence

effects, with the most significant differences between in situ and optimized values occurring at sites with less a priori knowledge

of the variables. The framework also confirmed the robustness of the coherent model, especially in measurements with certain

snow conditions, around 5 cm, where interference effects are most pronounced.

The findings may have important implications for current and future satellite-based sea ice thickness products at L-band.315

The coherent effects observed in local ARIEL measurements could also influence the larger-scale footprints of satellites such

as the current SMOS and SMAP, and also the future Copernicus Imaging Microwave Radiometer (CIMR) mission. However,

these satellite sensors have footprint sizes in the order of 40 km and sub-footprint scale variability in the snow depth and ice
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thickness below can average out the effects of thin snow. For homogeneous sea ice areas, for example for landfast ice, such

coherence effects may be observed, in particular for early snow accumulation. Neglecting coherence effects from the snow320

cover could potentially alter the quality of current satellite retrieval during the early freeze-up at first snow accumulation.

Future research should focus on extending these findings to satellite footprints by conducting additional field campaigns in

diverse Arctic regions. Such campaigns should aim to collect representative data on snow and sea ice conditions to further

refine models and assess their scalability.
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