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Abstract.

Independently evaluating large-scale sea ice models is challenging because direct observations are sparse and many satellite

products are assimilated into the models being evaluated. Moreover, commonly used sea ice concentration products provide

limited information on interior pack-ice properties such as ice thickness. To address these issues, we present a framework

for evaluating sea ice models directly in satellite microwave radiometer brightness temperature (TB) space. The framework5

uses an observation operator to simulate all AMSR2 channels except 7.3 GHz. The observation operator couples emission

and radiative-transfer models of the ocean, sea ice, snow, and atmosphere for non-melting Arctic conditions. To reduce sim-

ulation uncertainty, the snow-scattering parametrisation and multi-year ice scattering properties were constrained using field

and airborne observations. We introduce a multi-channel evaluation metric and demonstrate its sensitivity to errors in sea ice

concentration, ice-type fractions, thickness, snow depth, and surface temperature. Application to two versions of a pan-Arctic10

sea ice model showed that improvements and degradations in modelled sea ice thickness are captured by the metric. The metric

was significantly correlated with improvements in first-year ice fraction (R2 = 0.31) and ice thickness (R2 = 0.14), but not

with snow depth or surface temperature. These results demonstrate that TB-space evaluation provides a complementary and

largely independent approach to sea ice model assessment across both the marginal ice zone and interior pack ice.
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1 Introduction15

Large-scale sea ice models are crucial for understanding and forecasting sea ice dynamics, simulating climate change, and

supporting navigation in polar seas. However, evaluating these models is complicated by the lack of independent validation

data. Examples of in situ validation data used for sea ice models include sea ice thickness derived from sonars on submarines

or moorings (e.g., Shy et al. 2000; Allard et al. 2018) and sea ice thickness and snow depth derived using mass balance buoys

(e.g., Fritzner et al. 2019; Zhang et al. 2023). Airborne observations of sea ice thickness and snow depth have also been20

used to evaluate sea ice models (e.g., Zhang et al. 2023; Allard et al. 2018). The main limitation of in situ and airborne data

is the sparse spatial and temporal coverage. In contrast, many satellites provide excellent coverage, which is advantageous

for large-scale modelling. Commonly used satellite-derived variables include sea ice concentration (SIC) or sea ice extent,

retrieved from microwave radiometers (e.g., Lavergne et al. 2019), as well as sea ice thickness, retrieved from radar altimeters

or low-frequency microwave radiometers (e.g., Ricker et al. 2017). SIC and sea ice extent are widely used for the evaluation25

of sea ice models; however, they mainly constrain conditions in the marginal ice zone, where variability is highest. More

generally, satellite-derived sea ice parameters are often assimilated into the models and therefore cannot be used as independent

validation. Instead, models have been assessed by comparing simulations with and without assimilation, or by the Integrated

Ice Edge Error metric derived from satellite-observed SIC (e.g., Sievers et al. 2023; Ponsoni et al. 2023; Williams et al. 2026;

Smith et al. 2016).30

To complement existing evaluation frameworks, we present a methodology in which model output is evaluated in TB space

rather than geophysical space. This approach enables evaluation using largely independent observations with extensive cover-

age, capturing surface conditions both in the marginal ice zone and within the interior ice pack. The method involves simulating

TBs from sea ice model output and comparing them with observations from spaceborne radiometers. It is well-suited for mi-

crowave radiometers with surface-sensitive channels, such as AMSR2, which is used in this study. Similar satellite radiometers35

have been operating since the early 1970s and will continue operation with missions such as AMSR3, MWI, and CIMR. Such

radiometers provide daily coverage of the polar regions and observe the full sea ice domain. TBs observed by AMSR2 depend

on a range of sea ice and snow variables, including SIC, ice and snow density, temperature, brine content, and microstructure

(Rückert et al., 2023; Tonboe et al., 2022). Consequently, evaluation in TB space provides a comprehensive assessment of the

sea ice and ocean surface state. A comparable approach for climate model validation using observations at 6.9 GHz was pre-40

sented in Burgard et al. (2020). Our study extends this concept to sea ice model evaluation while exploiting the multi-channel

capabilities of the radiometers to maximise the information extracted from the observations. We further propose a simple metric

for agreement between simulated and observed TBs, intended to complement conventional per-variable scores.

The challenge in this methodology is that it relies on our ability to accurately calculate or simulate the satellite observed

TBs from a given geophysical state, including the ocean surface, sea ice, snow, and atmosphere. Physical models of radiative45

transfer in sea ice and snow exist (Wiesmann and Mätzler, 1999; Tonboe, 2006; Picard et al., 2018), and when coupled with

an ocean emissivity and atmospheric radiative transfer model, they form a physics-based observation operator, i.e. a function

mapping the geophysical state to observation space. However, it is a major challenge that such simulations depend on a detailed
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description of the sea ice and snow state, since all the necessary parameters are rarely measured in the field or represented in

large-scale sea ice models. Furthermore, there is significant uncertainty regarding the scattering processes in snow emission50

models (Lee and Sohn, 2015). Despite these challenges, satellite observations have been simulated with good accuracy using

simplified representations of the geophysical state. In these studies, the state of the atmosphere and ocean is described by

standard NWP products. Bulk sea ice parameters such as SIC may come from a sea ice model, and then a detailed layered

description of sea ice and snow is achieved by thermodynamic modelling (Tonboe, 2010; Kang et al., 2023) or by introducing

an interpolator function before the observation operator (Rückert et al., 2023; Burgard et al., 2020).55

Here, we present a framework for evaluating sea ice models in TB space using a physics-based observation operator devel-

oped for Arctic sea ice under non-melting spring conditions. To improve the accuracy of the simulated TBs, the observation

operator is tuned using snow pit measurements from Cambridge Bay, Nunavut, Canada, and airborne observations collected

across the Arctic Ocean during Operation IceBridge. We further introduce a simple multi-channel evaluation metric and in-

vestigate its sensitivity to errors in SIC, first-year and multi-year ice fractions, sea ice thickness, snow depth, and surface60

temperature using controlled experiments. The framework is demonstrated by comparing two versions of a pan-Arctic sea ice

model in TB space. By collocating model output and satellite observations with Operation IceBridge observations, we find that

improvements in the sea ice model in terms of ice type and thickness are reflected in the proposed TB-space evaluation metric.

2 Data

2.1 AKROSS 2022 Cambridge Bay65

To develop the observation operator, we used snow pit measurements collected on first-year ice in the Dease Strait near Cam-

bridge Bay, Canada, in April 2022 during the AKROSS 2022 Cambridge Bay campaign (Meloche et al., 2024). Detailed snow

pit profiles were measured at four locations between 20 and 24 April. Temperature, density, and salinity were measured at a

vertical resolution of 3 cm directly in the field. The snow microstructure was analysed using X-ray tomography with a µCT

scanner. From the tomography images, exponential correlation lengths in the x-, y-, and z-directions were derived at around 170

cm resolution. Under the snow pits, the sea ice thickness was measured, as well as the ice surface temperature, salinity, and in

two cases, the salinity of ice plugs 3 cm and 5 cm below the surface, respectively. The AKROSS 2022 Cambridge Bay data

used in this study are summarised in Table 1.

2.2 NASA Operation IceBridge

To develop the observation operator and assess the evaluation method, we used airborne measurements of snow depth, sea ice75

freeboard and thickness, and surface temperature from March to April in 2013, 2014, and 2015, originally sampled during

the Operation IceBridge campaign (Kurtz et al., 2013; Studinger, 2020). Snow depth was measured with a snow radar and the

total (snow plus ice) freeboard with a laser and optical camera. The ice thickness was then derived by assuming hydrostatic

balance and using climatological densities of ice, snow and water. The surface temperature was observed using a Heitronics
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Table 1 Summary of snow pit measurements from the AKROSS 2022 Cambridge Bay campaign used in this study.

Snow Ice below the snow

Quantity Measured at: Measured at:

Temperature (◦C) 3 cm resolution Surface (+ ice plug in two pits)

Salinity (ppt) 3 cm resolution Surface (+ ice plug in two pits)

Density (kgm−3) 3 cm resolution No measurement

Exponential correlation length (mm) Around 1 cm resolution in the x-, y-, and z-directions No measurement

Thickness (cm) 3 cm layers Total sea ice thickness

KT-19.85 Series II infrared radiation pyrometer (KT19). Flights were distributed widely over the Central Arctic Ocean, the80

Lincoln Sea, and the Beaufort Sea, including both first-year and multi-year ice types. We used post-processed snow and ice

thickness data from the Round Robin Data Package (RRDP) (Pedersen et al. 2021), where the measurements were averaged

over 50 km sections to match the footprint scale of satellite radiometers. We averaged the freeboard and surface temperature

data in 50 km segments to match the snow and ice thickness data. We did not filter the KT19 data for clouds or fog.

2.3 DMI-HYCOM-CICE85

To demonstrate the proposed evaluation methodology, we used a sea ice model from the Danish Meteorological Institute

(DMI), here named DMI-HYCOM-CICE (Ponsoni et al., 2023). DMI-HYCOM-CICE is a coupling of the Hybrid Coordinate

Ocean Model (HYCOM) (Chassignet et al., 2007) and the Community Ice CodE model (CICE) (Elizabeth Hunke et al., 2025).

The model simulates sea ice with hourly output on a 5 km grid covering most of the Arctic sea ice domain, except the Pacific

south of the Bering Strait. Within each grid cell, the diversity of the sea ice is described by six ice-thickness categories. Each90

ice category is then described by a range of parameters, such as cell area fraction and snow and ice volume. Vertically, each

category is resolved by one snow layer and seven ice layers. The sea ice model outputs many parameters, some of which are

irrelevant to the emission modelling, e.g., the stress tensor, and some are only relevant under melting conditions, e.g., melt

pond fraction. Other variables may influence emissions but are ignored in this study, such as the area fraction of level and

ridged ice. The variables used in this study are shown in Table 2.95

We compared two versions of DMI-HYCOM-CICE. The first is the current operational configuration (internal version “v7”;

hereafter the baseline model), while the second is an updated configuration (internal version “Smedv2”; hereafter the updated

model). A major change in the update was the removal of the previous scaling factor of 0.9 applied to incoming surface short-

wave radiation. The scaling was implemented to offset the well-known warm bias in the surface temperatures of ERA5 (Wang

et al., 2019; Tian et al., 2024). This led to higher melting rates during summer in the new setup and is expected to strongly100

affect sea ice properties. Furthermore, while the old setup only uses ERA5 as atmospheric forcing, the updated model uses the

CARRA1 west reanalysis (Schyberg et al., 2020), which covers the seas surrounding Greenland. Finally, the CICE code was

updated from v6.3.0 to v6.5.0, including modifications to GitHub repos up to 1 March 2024, and similar for HYCOM v2.3.01.
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Table 2 DMI-HYCOM-CICE data used in this study. x and y refer to the horizontal dimensions, and z to the vertical. "Per

category" means per sea ice thickness category as described in the Section 2.3. "Per grid-cell" just means one number per

grid-cell.

Quantity Dimensions Per category / Per grid-cell

Sea ice concentration (%) x, y Per category

First-year ice fraction (%) x, y Per grid-cell

Sea ice thickness (m) x, y Per category

Snow depth (m) x, y Per category

Snow/ice surface temperature (◦C) x, y Per grid-cell

Snow temperature (◦C) x, y Per category

Sea ice temperature (◦C) x, y, z Per category

Sea surface temperature (◦C) x, y Per grid-cell

Sea ice salinity (ppt) x, y, z Per category

Sea surface salinity (ppt) x, y Per grid-cell

Normally, DMI-HYCOM-CICE is assimilated with remote sensing products of SIC and sea surface temperatures, but to

achieve a cleaner comparison, we used model runs without data assimilation. The models were initialised on 1 January 2013105

and run until and including April 2013. Here, we used data from March and April to compare with the OIB observations. The

applied data are made available (see the Data availability section).

2.4 AMSR2

In this study, we simulated AMSR2 (Advanced Microwave Scanning Radiometer 2) observations of TBs. AMSR2 observes

at a constant inclination angle of 55◦ in vertical and horizontal polarisation at frequencies 6.9, 7.3, 10.7, 18.7, 23.8, 36.5, and110

89.0 GHz. The 7.3 GHz channels are not part of the applied ocean emissivity and atmospheric radiative transfer model (Section

3.1.4), and therefore they were excluded in this work. The instrument is flown onboard the polar-orbiting satellite GCOM-W,

and due to its swath width of 1450 km, it provides daily coverage of the Arctic. We used the level 1R product (JAXA, 2012)

where all channels have been resampled and centred to match the 6.9 GHz footprint, which has a size of 35 km × 62 km. We

corrected the TB observations following JAXA (2015), which calibrates the instrument to its predecessor, AMSR-E.115

2.5 ERA5

To specify the atmospheric state for the observation operator, we used reanalysis data from the ERA5 data set (ECMWF

Reanalysis v5) (Hersbach et al., 2020) obtained on a horizontal resolution grid of 0.25◦ × 0.25◦. We used the following vari-

ables: Total column water vapour, total column cloud liquid water, skin temperature, and 10-meter wind speeds in u and v

components.120
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2.6 Snow depth, ice thickness, and interface temperatures from SIMBA buoys

The observation operator setup includes interpolation of snow and ice temperature profiles (see Section 3.2.2). To interpolate

realistic profiles, we fitted an empirical parameter, the apparent snow thermal conductivity, to snow depth, ice thickness, snow-

ice interface temperature, and air-snow interface temperature derived from SIMBA buoys between 2012 and 2023 (Preußer

et al., 2025). We selected Arctic buoys and restricted the analysis to data from March and April.125

3 Methods

In this section, we first describe the observation operator setup. Then we present the details of how the observation operator

was built and tuned to observations. Finally, we introduce our chosen evaluation metric.

3.1 The observation operator setup

3.1.1 Overview130

The observation operator consists of the following main processes (see the flowchart, Figure 1):

1. The input is sea ice and snow data from the model or observations, which are passed through a sea ice and snow

interpolator function to generate the required input for the emission model. A tailored interpolator function is necessary

for each kind of input data, which in this study is (1) the snow pit data from Cambridge Bay, (2) the OIB data, or (3) the

DMI-HYCOM-CICE data.135

2. The complete sea ice and snow profiles are input to the sea ice and snow emission model MEMLS (Microwave Emission

Model of Layered Snowpacks) extended to sea ice (Section 3.1.2). MEMLS outputs the upwelling TB from the snow/ice

surface, which we use to compute the snow/ice surface emissivity ϵ and effective emitting temperature Teff following

Tonboe (2023):

ϵ= 1− Tb(Tsky = 100K)−Tb(Tsky = 0K)

100K
, Teff =

Tb(Tsky = 0K)

ϵ
,140

where Tsky is the atmosphere downwelling TB. The ϵ and Teff are computed for each radiometer channel and each

surface type within the grid cell. More on this in the following sections. The calculation of ϵ and Teff allows us to

couple the surface emission model to the atmosphere radiative transfer model (RTM).

3. ϵ and Teff of each ice surface type are re-gridded, together with the ERA5 data, to the satellite swath.

4. The W&M atmosphere RTM (Section 3.1.4) computes the TOA TB, i.e., the AMSR2 observation, given the surface ϵ145

and Teff and the atmospheric state given by ERA5. In this step, we also calculate the ocean surface ϵ and Teff using the

W&M ocean surface emission model (Section 3.1.4). The RTM is run per surface type. The types of surfaces are: ocean,

first-year/multi-year ice and the different ice thickness categories in DMI-HYCOM-CICE.

5. Finally, the total TB is computed as the area-weighted average.
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Figure 1. Observation operator flow chart. The numbering matches the description in Section 3.1.1.

3.1.2 Sea ice and snow emission model, MEMLS150

MEMLS is a physical microwave emission model based on six-flux theory, originally developed for terrestrial snowpacks

(Wiesmann and Mätzler, 1999), and later extended to include sea ice (Tonboe, 2006). MEMLS considers a 1-D profile of

layered sea ice and snow on top of a thick ocean surface. For each layer, the user specifies the input variables: layer thickness,

temperature, salinity in ppt or brine volume fraction, density, wetness, exponential correlation length lex (a statistical measure of

the distance between scatterers) and the layer type (snow type, or first-year ice or multi-year ice). From this, MEMLS computes155

the permittivity, absorption coefficient and scattering coefficient of each layer and the refraction and reflection between layers

using physical (or optional empirical) models.

For modelling the scattering coefficient of snow, MEMLS has several options, and the choice of scattering model is important

(Kang et al., 2023). Here, we used the physical model of volume scattering, the Improved Born Approximation, derived for

spheres and thin oblate spheroids with isotropic orientation (Mätzler, 1998; Mätzler and Wiesmann, 1999). We determine the160
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final scattering coefficient as a weighted average of the six-flux scattering coefficient of both shapes, where the weight wγ is

tuned to observations from the Cambridge Bay dataset (see Section 3.2.1) and assumed constant across all simulations.

Modelling the permittivity of sea ice and snow is not straightforward, as these are mixed anisotropic media of ice, air, and

brine. To calculate the effective permittivity of sea ice, we used the Polder and van Santen two-phase mixing model assuming

a host material with ellipsoidal inclusions (Jones and Friedman, 2000). The result depends on the shape and orientation of165

the ellipsoids, but in MEMLS the media is assumed to be isotropic, and therefore we can only model randomly isotropically

oriented inclusions. We took ice as the host material. First, brine inclusions are embedded in the ice, assuming an aspect ratio

of 103, corresponding to long needle-like shapes. The resulting ice-brine mixture is then treated as the host medium, into

which air inclusions are embedded with an assumed aspect ratio of 1, corresponding to spherical shapes. The permittivity of

dry snow is calculated as described in Wiesmann and Mätzler (1999). The bottom layers of snow on first-year ice contain170

brine. To mix brine and dry snow, we used an empirical mixing model described in Geldsetzer et al. (2009). The empirical

parameters are based on measurements of permittivity at 50 MHz, and then the model is theoretically extrapolated to AMSR2

frequencies. Calculating the permittivity of brine-wetted snow using the theoretical approach that we applied for sea ice resulted

in significantly different values for the complex permittivity. We encourage more research to constrain the estimates at these

frequencies.175

We adopted the MEMLS code from Rückert et al. (2023). This implementation is written in Julia (Bezanson et al., 2017),

making it a fast model, which is necessary to deal with the large grid of the sea ice model. We only changed the formulation of

the snow scattering coefficient as mentioned, implemented the empirical permittivity mixing model for brine-wetted snow as

mentioned, and changed the model to take brine volume fraction as input rather than salinity, as described below.

3.1.3 Conversion between sea ice and snow salinity and brine volume fraction180

The sea ice and snow permittivity parametrisations depend on brine volume fraction (vb), but in the field, brine content is

measured in terms of salinity (S). Therefore, per layer conversion formula between S and vb are needed. The brine volume

fraction of sea ice (vb,i) is calculated as a function of sea ice temperature, porosity, and salinity following Cox and Weeks

(1983). The brine volume fraction of snow (vb,s) is calculated as a function of snow density (ρs), temperature, and salinity

(Drinkwater and Crocker, 1988):185

vb,s =
vb,iρs

(1− vb,i)ρi + vb,iρb
. (1)

In this case, we calculate vb,i assuming zero porosity. The pure ice density ρi and brine density ρb are calculated following

Pounder (1965) and Cox and Weeks (1975), respectively:

ρi = 917− 0.1403T, ρb = 1000.0+0.8Sb, (2)

where T is the temperature in ◦C and Sb is the brine salinity in ppt. In thermodynamic equilibrium, the brine salinity increases190

when the temperature of an ice-brine system drops (see e.g. the phase diagram in Assur 1960). We calculated Sb following
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Vant et al. (1978) (we allow the temperature to go to the freezing point whereas the authors put 2◦C as the limit):

Sb(T ) =





1.725− 18.756T − 0.3964T 2, −8.2◦C≤ T,

57.041− 9.929T − 0.16204T 2 − 0.002396T 3, −22.9≤ T <−8.2◦C,

242.94+1.5299T +0.0429T 2, −36.8≤ T <−22.9◦C,

508.18+14.535T +0.2018T 2, −43.2≤ T <−36.8◦C.

(3)

3.1.4 Ocean emissivity and atmosphere radiative transfer model, W&M

The applied ocean emissivity and atmosphere RTM are modules of the ocean surface observation operator by Wentz and195

Meissner (2000). We name them the W&M ocean emissivity model and the W&M RTM. Both are semi-empirical models: The

ocean emissivity model calculates the ocean emissivity from wind speed, surface temperature, and surface salinity (we ignored

the wind direction component, as it did not improve the simulations). The atmosphere RTM computes AMSR-E/AMSR2

observations given surface parameters ϵ and Teff and vertically integrated atmospheric variables from ERA5: total column

water vapour and total column cloud liquid water. In addition, the original model parametrised the effect of ozone by sea200

surface temperature. We replaced the sea surface temperature with the area-weighted average of the sea surface temperature

and the sea ice/snow surface temperature. We used a Python implementation by the authors of Andersen et al. (2006) and edited

the RTM to take user-provided sea ice ϵ and Teff to run it coupled with MEMLS as described in Section 3.1.1.

3.2 Building the observation operator

The observation operator is built in three steps:205

1. We simulate AMSR2 observations using the snow pit measurements from Cambridge Bay and tune the weight wγ

(associated with snow scattering) against observations. Because the ice in Cambridge Bay is exclusively first-year ice,

the results are independent of the parameter learned in step 2.

2. We simulate AMSR2 observations using the OIB data and then tune the assumed value of the exponential correlation

length (lex) in the freeboard section of multi-year ice.210

3. Finally, we set up the observation operator to work on output from the pan-Arctic sea ice model. This involved the

parameters learned in steps 1 and 2.

All three steps involve inferring snow and ice parameters where necessary, i.e., building a profile interpolator as introduced

in Section 3.1.1. To infer parameters, we use thermodynamic arguments or climatologies/observations as described in the

following sections.215

3.2.1 Step 1: Using snow pit measurements from Cambridge Bay to tune the scattering formulation

Step 1 involved tuning the snow scattering parametrisation; specifically, the coefficient wγ . We used the snow pit measurements

from Cambridge Bay (see Section 2.1) to simulate AMSR2 TBs and tune to observations. To do so, three issues were addressed:
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i) the snow lex was measured in the x, y and z-directions, but MEMLS models scattering assuming isotropic distributions of

scatterers, ii) sea ice profiles were not measured, and iii) the snow pits were located in a fjord more narrow than the satellite220

footprint.

First, we estimated the snow lex as interpreted by MEMLS by projecting the anisotropic structure onto the line of sight given

by the incidence angle θ:

lex = sin2(θ) · lhorizontalex +cos2(θ) · lverticalex (4)

where lhorizontalex is the correlation length measured in the horizontal direction and lverticalex in the vertical. Here, lhorizontalex225

is taken as the average lex measured in the x and y-directions. To get lex at the same resolution as the rest of the data, we

interpolate and extrapolate the data linearly and then take the average across each layer.

Secondly, we inferred the sea ice parameter profiles. In each snow pit, they measured the thickness of the sea ice, the surface

temperature, and the surface salinity. We interpolated the temperature of the sea ice linearly to the bottom, where it was assumed

that the ice is −1.8◦C (the freezing temperature of sea water). To interpolate the salinity, we fitted a function describing winter230

sea ice salinity to simulation results from Vancoppenolle et al. (2006) (details in Appendix A). The porosity of the sea ice was

assumed to be 0.5 % to match typical first-year ice densities of 920kgm−3 (Timco and Weeks, 2010). The density of sea ice

was then computed as a function of temperature, salinity, and porosity following Cox and Weeks (1983), Equation 15. The

sea ice lex was calculated using Equation 4 with lhorizontalex = 0.16mm and lverticalex = 0.56mm as measured in Tonboe et al.

(2026). The measured snow and interpolated sea ice parameters are plotted in Figure 2.235

Thirdly, we addressed the issue that the Dease Strait is narrow compared to the satellite footprint. Satellite measurements

that cover the measurement sites are disturbed by land surfaces. Therefore, instead of comparing with satellite observations

that directly cover the snow pits, we found suitable observations in the wider Queen Maude Gulf (Figure 3). The sea ice in this

region is fairly laterally homogeneous, and therefore, we assume that the surface emission does not vary significantly between

these locations. This assumption is supported by the fact that AMSR2 TBs from the same day varied relatively little across the240

fjord. This is shown for the 36 GHz horizontally polarised channel in Figure 3. For each day of in situ data, we selected four

AMSR2 observations.

The observation operator is then used to simulate the AMSR2 TBs corresponding to each snow pit with atmospheric profiles

as if they were located in the satellite footprint centres. Hence, each snow pit is simulated with four different atmospheric

profiles. ERA5 profiles are selected by the nearest neighbour method. The observation operator is run with varying values of245

wγ , and we find the best fit by minimising a χ2-like quantity:

χ2 =
∑

i,c

(yi,c − ŷi,c)
2

σc
2

(5)

where i is the sample and c the channel. σc is the uncertainty of a given channel, which is estimated as the standard deviation

of the observations shown in Figure 3; see the values in Table 3. The 89 GHz channels were not used for fitting as we achieved

relatively poor results for these channels (Figure 6). The best fit gave ŵγ = 0.646, i.e., the snow scatterers are modelled as 64.6250

% spheres and 35.4 % thin oblate spheroids.
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Figure 2. AKROSS 2022 Cambridge Bay snow pit and sea ice parameter profiles. Top: Snow pit profiles measured at the four sites. Bottom:

Sea ice surface and plug measurements and interpolated profiles at the four sites.

Table 3 Estimated simulation uncertainty per channel (σc) when simulated using the Cambridge Bay snow pit data.

Channel V06 H06 V10 H10 V18 H18 V23 H23 V36 H36

σc [K] 0.55 1.37 0.54 1.62 0.71 1.96 0.76 2.14 0.98 2.35

3.2.2 Step 2: Using airborne measurements from the OIB campaign to tune lex in the freeboard of multi-year ice

In this step, we constrained the lex in the freeboard of multi-year sea ice. This parameter is required in the interpolation function

for the sea ice model and is important for the microwave scattering. We opted to tune it to the AMSR2 observations, since there

is little observational evidence of it.255

The OIB data introduced in Section 2.2, contains surface temperature (Tsfc), sea ice thickness (hi), total freeboard (Ft), and

snow depth (hs) collocated with AMSR2 TBs. Additionally, we estimated first-year ice and multi-year fractions using AMSR2

observations and the NASA Team algorithm (Cavalieri et al., 1984) with tie-points derived for AMSR-E in Ivanova et al.

(2015). We assumed 100 % SIC at all points. Figure 4 shows the locations of collocated OIB samples coloured by first-year ice
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Figure 3. AKROSS 2022 Cambridge Bay pit locations (black markers) and the footprint centres of selected AMSR2 observations. AMSR2

observations are colour-coded by the TB of the 36 GHz horizontally polarised channel. The marker types indicate date.

fraction. The ERA5 profiles were selected by the nearest neighbour method. To describe the surface temperature, we used the260

ERA5 skin temperature field since it better matches the spatial scale of the AMSR2 footprint than the KT19 data. However,

the ERA5 skin temperature is corrected based on the KT19 data (details in Appendix B).

Figure 4. The locations of the resampled OIB data coloured by first-year ice fraction derived from AMSR2 observations.
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The interpolator aims to reconstruct physically consistent snow and ice profiles from the limited set of bulk variables (ice

type, snow depth, total freeboard, ice thickness, and surface temperature), using a combination of thermodynamic constraints

and empirically derived parametrisations. The interpolator parameters are shown in Table 4, and example profiles of a first-

and multi-year ice column are shown in Figure 5. We interpolate to 10 ice and 4 snow layers. Further increasing the vertical265

resolution of the ice and snow packs did not significantly affect the simulated TBs. Snow layers are classified as either wind

slab or depth hoar, and sea ice layers as freeboard or draft. The wind slab layers are placed over the depth hoar layers, and the

relative fraction of the total thickness of the wind slab and the depth hoar is fixed. The ice freeboard (Fi) is the total freeboard

minus the snow depth. The porosity and correlation length profiles are set with prescribed values for each type of layer.

The salinity of first-year ice is again approximated to the modelled profiles in Vancoppenolle et al. (2006) (see appendix A).270

The multi-year ice salinity profile is calculated as a linearly increasing function from zero at the top of the ice draft to match

the bulk salinity (ppt) observed in Kovacs (1996):

SMY I
bulk = 1.85+

8.02179

max(hi,200)2
, (6)

where hi is in cm (the "max" function was introduced to ensure realistic values). Snow on multi-year ice is assumed to be fresh

(without salt), while the brine volume fraction in first-year ice snow is determined as an exponential function decreasing with275

height above the ice surface z:

vb,s(z) = v0e
−z/τvb . (7)

v0 and τvb are approximated to the climatological profile of brine volume fraction shown in Nandan et al. (2017), giving

v0 = 3.37% and τvb = 5.4cm.

The temperature is determined by linear interpolation between the snow surface temperature Ts, the temperature of the ice-280

snow interface Tsi and the temperature of the ice-ocean interface Tw =−1.8◦C. Tsi is computed from a steady-state equation

assuming constant temperature gradients in snow and ice (Tonboe, 2023):

Tsi =
kihsTw − kshiTs

kihs + kshi
, (8)

where ki and ks are thermal conductivities. Approximate values for ki and ks are 2WK−1m−1 (Pringle et al., 2006) and

0.3WK−1m−1 (Sturm et al., 1997), respectively. Here, we assumed ki = 2.1WK−1m−1, and then fitted ks to buoy obser-285

vations from Preußer et al. (2025) (see Appendix C). Hence, ki and ks should here be interpreted as "apparent" and not actual

thermal conductivities. Finally, the density of each layer is computed following Cox and Weeks (1983).

The AMSR2 TBs were simulated for a first-year ice and a multi-year ice surface, and the total was calculated as the area-

weighted average. Again, we tuned by minimising the χ2-like quantity (Equation 5). Now, the channel uncertainties (σc) were

estimated as the standard deviation of the errors of a first-guess simulation run on the OIB data. We obtained lex = 0.61mm in290

the freeboard of multi-year ice. Simulation results are seen in Section 4.2.
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Table 4 Parameters used for sea ice and snow profile interpolation as described in Section 3.2.2. (∗) The value of lex in multi-

year ice freeboard was determined by fitting to observed TBs as described in the text.

Quantity Value Source / justification

First-year ice Multi-year ice

Depth hoar fraction of total snow pack 0.2 0.5 King et al. (2020)

Snow wind slab porosity 0.64 0.67 To match density measurements in King et al. (2020)

Snow depth hoar porosity 0.73 To match density measurements in King et al. (2020)

Ice freeboard porosity 0.5 % 10 % To match typical densities (Timco and Weeks, 2010)

Ice draft porosity 0.5 % To match typical densities (Timco and Weeks, 2010)

lex, wind slab snow 0.16 mm The AKROSS Cambridge Bay 2022 data

lex, depth hoar snow 0.32 mm The AKROSS Cambridge Bay 2022 data

lex, ice freeboard 0.29 mm 0.61 mm∗ Tonboe et al. (2026) and Equation 4

lex, ice draft 0.29 mm 0.29 mm Tonboe et al. (2026) and Equation 4

Apparent ice thermal conductivity, ki 2.1WK−1m−1 Pringle et al. (2006) (appendix C)

Apparent snow conductivity, ks 0.388WK−1m−1 Preußer et al. (2025) (appendix C)

Snow bottom vb 3.37 % 0 Nandan et al. (2017)

Salinity exponential vertical decay scale, τS 5.4 cm Nandan et al. (2017)

wγ 0.646 ŵγ described in Section 3.2.1

3.2.3 Step 3: Setting up the observation operator for the pan-Arctic sea ice model, DMI-HYCOM-CICE

The final step was to design the profile interpolator for the output of DMI-HYCOM-CICE (the sea ice model introduced in

Section 2.3). Note that grid cells with temperatures above the freezing point are excluded as the observation operator is not

valid under melting conditions.295

The model provides a relatively detailed description of the sea ice state, but still, a profile interpolator is required to infer

parameters that were not modelled. We chose to stick with the native model vertical resolution of 7 ice layers, though it is

lower than what we found to converge in the OIB study. The height of the ice freeboard is approximated following Alexandrov

et al. (2010):

Fi =
ρw − ρi
ρw

hi −
ρs
ρw

hs, (9)300

where ρs is a climatological bulk snow density of 324kgm−3 on first-year ice and 320kgm−3 on multi-year ice, and ρi is

a climatological bulk ice density of 916.7kgm−3 for first-year ice and 882kgm−3 for multi-year ice. The density of sea

water (ρw) is 1025kgm−3. As mentioned, first-year ice fraction was provided per grid cell in the model, but we want the

fraction of ice type per category. Thus, we assume the thin ice categories to be first-year and the thick ice to be multi-year

ice; see Appendix D for the exact equation. When dividing ice categories this way, we sometimes obtained unrealistically high305

salinity in the upper layers of multi-year ice. Therefore, we overwrite the modelled multi-year ice salinity in the same way
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Figure 5. Examples of parameter profiles interpolated by the OIB study interpolator. The plots show a first-year ice (blue) and multi-year ice

(red) column with input parameters snow depth, ice thickness, ice freeboard, and surface temperature: 30 cm, 200 cm, 12 cm, and -30 ◦C.

The profiles are located with the ice-snow interface at depth zero, and the freeboard and "depth hoar, wind slab" interface are shown with

vague horizontal lines.

as described in Step 2 (Equation 6). This ensures physically realistic input to the emission model, but implies that this part

of the thermodynamic state is prescribed rather than evaluated. Sea ice porosity and correlation length are not predicted by

DMI-HYCOM-CICE, and therefore they were inferred using the values in Table 4.

DMI-HYCOM-CICE only has a single snow layer, which we split into four layers for a more detailed description. First, the310

ice-snow interface temperature is computed using Equation 8, but with hs, hi, Ts, and Tw being replaced by the half snow pack

depth, half top ice layer thickness, and the temperature of the snow pack and top ice layer. Values of ks and ki are the same as

in Step 2. Then, snow temperature, salinity, porosity, and correlation length are inferred as described in Step 2. The densities

of both ice and snow are computed following Cox and Weeks (1983).

After interpolating the snow and ice profile, we run MEMLS to compute ϵ and Teff for each ice thickness category and for315

each ice type (first-year / multi-year). These values, along with the ERA5 data, are re-gridded onto a matching AMSR2 swath

using Gaussian averaging of the 8 nearest neighbours with σ = 14 km chosen to approximately match the AMSR2 footprint

size. Then, the TBs are simulated for each surface type and the total TBs are found by taking the area-weighted average.

3.3 Assumptions and limitations of the observation operator

The proposed observation operator relies on several simplifying assumptions. First, all simulations assume horizontally ho-320

mogeneous conditions within each satellite footprint, such that sub-footprint variability in sea ice, snow, and atmospheric
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properties is not explicitly resolved. This assumption is somewhat alleviated by the fact that sub-footprint variability is partly

captured through the ice thickness distribution in DMI-HYCOM-CICE. Second, MEMLS is based on a one-dimensional,

plane-parallel representation of the snow–ice column, which neglects lateral heterogeneity and three-dimensional scattering

effects. Third, ice and snow layers are assumed to be smooth, which may not be a good assumption in regions dominated by325

deformed or ridged ice.

In addition, key components of the emission modelling depend on parametrisations that introduce uncertainty. The scattering

formulation is tuned using a limited number of in situ observations (Section 3.2.1), which may affect the generality of the results

across regions and conditions. Also, little validation of the permittivity mixing models for sea ice and snow at these frequencies

exists, and the model assumptions may be crude. The empirical mixing model for brine-wetted snow was only tested at 50 MHz,330

and so the theoretical extrapolation to high frequencies may be imprecise. The Polder and van Santen mixing model used for

sea ice was developed for two-phase systems, but sea ice is a three-phase system. Furthermore, brine inclusions in sea ice and

snow are anisotropic, which is not taken into account.

Additional uncertainties may arise from the atmospheric state, which is taken from NWP reanalysis data, as well as from

limitations in the atmospheric radiative transfer model.335

Finally, several geophysical properties required by the observation operator are not provided by the sea ice model and must

therefore be inferred through interpolation or empirical parametrisations. These introduce additional uncertainties that cannot

be clearly attributed to errors in the sea ice model itself.

3.4 Application of the observation operator in model evaluation

Here, we describe how we used the observation operator to do model evaluation. The operator simulates TBs, which should be340

compared to observations to result in a divergence or error:

eTb,c = T̂b,c −Tb,c. (10)

where c is the radiometer channel index. eTb
will be mainly a sum of errors from the observation operator and from the sea

ice model. Errors in any channel tells something different about the sea ice model performance, but it is hard to interpret all

channels at the same time. One may define any kind of clever metric based on these errors, but we suggest a simple one: the345

"weighted TB RMSE", defined as:

wRMSETb
=

√∑

c

wc(eTb,c)
2

∑
cwc

(11)

where the weights wc =
1
σ2
c

are the inverse of the channel uncertainty squared. σc was estimated by the RMSE of the simulations

using OIB observations (Table 5). Lower values of wRMSETb
indicate a better agreement between the simulated and observed

brightness temperatures. This metric convolves the information from all channels into one number per sample. This convolution350

results in a loss of information, but makes the results more robust and easy-to-interpret.
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4 Results and Discussion

4.1 Simulations using snow pit measurements from Cambridge Bay

Figure 6 shows the simulation results using the AKROSS 2022 Cambridge Bay data as part of Step 1 of building the observation

operator (Section 3.2.1). These are the results after tuning ŵγ to 0.646. Simulations of vertically polarised (V-pol) channels355

show reasonable accuracy, though TBs at 6 GHz, 36 GHz, and 89 GHz are overestimated. Simulations in horizontally polarised

(H-pol) channels are - outside the 89 GHz channel - within the range of the observations. Simulations of the 89 GHz channels

show more variability due to differences in both atmospheric (given by the width of the coloured lines) and surface conditions

(given by the difference between the coloured lines). Generally, there is a large spread in TB between snow pits and relatively

limited variation due to atmospheric effects. These results suggest that the observation operator captures the emission physics360

well, despite the assumptions listed in Section 3.3 and the spatial mismatch between the snow pits and the satellite footprints.

The variation in TBs between snow pits indicates a high sensitivity to local snow and ice conditions, suggesting a complex

coupling between satellite observation and the distribution of sea ice and snow properties within the satellite footprint. This

coupling highlights the need to better account for sub-footprint variability in future studies.

Figure 6. Simulations using the AKROSS 2022 Cambridge Bay snow pit data and corresponding observations. The black shadings show the

min-max range of all observations in the gulf (see locations in Figure 3), and the coloured shadings show the min-max range simulated from

each snow pit given different atmospheric profiles matching the satellite footprints.

4.2 Simulations using airborne measurements from Operation IceBridge365

Here we present the TB simulations using airborne observations from OIB as input to the observation operator (Section 3.2.2).

The performance statistics are shown in Table 5. The biases are small relative to the RMSEs. R2 values increase with frequency,

except for the 89 GHz channels, for which the R2 is slightly lower than the 23 GHz and 36 GHz channels. RMSEs also increase

with frequency, which is explained by the larger variation in the higher frequency channels. V-pol channels are simulated better
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than H-pol channels at low frequencies, but worse at high frequencies. Of these simulations, the average wRMSETb
was 4.1 K370

with a standard deviation of 1.6 K.

Table 5 Performance metrics of simulations using the OIB data as input to the observation operator.

Stat V06 H06 V10 H10 V18 H18 V23 H23 V36 H36 V89 H89

Bias [K] 0.26 0.76 2.31 1.56 0.97 -0.76 0.25 -0.00 -4.99 -3.12 -2.67 -0.42

RMSE [K] 2.62 3.95 3.96 3.94 5.13 4.51 5.36 4.88 7.71 5.70 6.69 5.28

R2 0.36 0.30 0.37 0.54 0.73 0.81 0.83 0.86 0.89 0.91 0.82 0.81

Selected channels of observed versus simulated TBs are plotted as scatter plots in Figure 7 coloured by first-year ice fraction.

These plots highlight clear differences between channels: TB variability increases with frequency, and the contrast between

first-year and multi-year ice becomes more pronounced. The increasing separation between first-year and multi-year ice en-

hances the variance in TB, which contributes to higher R2 values at higher frequencies seen in Table 5.

Figure 7. Simulated versus observed AMSR2 TBs using OIB data as input to the observation operator for selected channels. Colours indicate

the first-year ice fraction as determined by the NASA Team algorithm.
375

These results demonstrate that AMSR2 TBs can be simulated with reasonable accuracy despite the simplified representation

of the ice and snow landscape, spatial mismatch between the AMSR2 footprint and OIB observations, and the limited set

of input parameters. The simulation errors are ideally independent of the absolute size of geophysical parameters. Figures

with TB simulation errors plotted against snow depth and ice thickness are found in the Appendix E; most channels show

little dependence of the simulation error on snow depth and ice thickness. However, some non-linear dependencies remain,380

particularly in the 36 and 89 GHz channels.

4.3 wRMSETb , sensitivity tests

We tested the sensitivity of wRMSETb
- our proposed evaluation metric - to errors in bulk sea ice parameters: SIC, first-year ice

fraction, sea ice thickness, snow depth, and surface temperature. To do so, we used the interpolator function designed for the

OIB data (Section 3.2.2) as well as the Equation 9 to estimate the ice freeboard height from snow depth and ice thickness. We385
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define perturbations relative to a reference state with 100 % SIC, where the ice is described by one of two ice-snow profiles: A

first-year ice column and a multi-year ice column with ice thicknesses of 1.5 meters and 3.0 meters, snow depths of 10 cm and

25 cm, and surface temperatures of −15◦C and −25◦C respectively. Both profiles are combined with the same atmospheric

profile. The sensitivities are tested by perturbing one parameter at a time and computing the wRMSETb
with the unperturbed

state as the reference. The magnitude of the perturbations is chosen to be representative of typical sea ice model errors shown390

later. The results are seen in Figure 8.

The wRMSETb
responds almost linearly to all five types of perturbation, but depends on the reference ice columns. The non-

linearity in response to snow depth appears when the snow depth approaches zero. On the scale of errors selected here, errors in

SIC result in the largest wRMSETb
by far, explained by the large contrast in emissivity between ice and ocean surfaces. Errors

in other parameters produce more moderate increases in wRMSETb
. These results show how our error metric ideally responds395

to different kinds of sea ice model errors, but note that in sea ice models, sea ice parameters are often correlated and so are sea

ice model errors; some correlations amplify and others dampen the wRMSETb
signal.

Figure 8. The sensitivity of the wRMSETb to errors in bulk sea ice parameters. The x-axes show the sizes of the errors, and the y-axes show

the wRMSETb when compared to the reference state. The reference state was a 100 % ice-covered surface, where the ice was modelled as

either 100 % first-year (blue) or multi-year (red) sea ice column covered with snow. See the main text for details.

4.4 Comparison of the two sea ice model versions in TB space

In this Section we present a demonstration of sea ice model evaluation in TB space utilising the observation operator. The

demonstration is a comparison of two versions of the sea ice model named DMI-HYCOM-CICE (introduced in Section 2.3).400

From the model output, we simulated AMSR2 TBs as described in Section 3.2.3 and compared these to the observations.

Lower TB errors (eTb
) indicate better agreement between simulated radiances and observations, and thus improved model

performance. To further diagnose the results, we run the model matching in time and space with the OIB observations. In this

way, we check if the simulated TB errors correspond to errors in the geo-physical parameters predicted by the sea ice models.

To match the sea ice model, OIB, and satellite data, we took sea ice model predictions for 12 UTC and chose the swath between405
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11 and 13 UTC that best covered the OIB flight track. We first zoom in on the results for one day and then consider all data

matches for 2013.

4.4.1 Results for 21 March 2013

Figure 9 shows TB simulation errors for two AMSR2 channels along the swath matching the first OIB flight track (21 March

2013), together with the resulting wRMSETb
and SIC errors. SIC errors are computed as model minus observed, where the410

observed sea ice concentration was derived with the simple implementation of the NASA Team algorithm (see Section 3.2.2).

The maps also show the locations of the OIB observations and the flight direction (black dots and arrow). Simulation errors vary

between channels as they contain different information, but a common pattern is observed: warm biases north of Greenland

transitioning to cooler biases in the Beaufort Sea. wRMSETb
aggregates errors across all AMSR2 channels (12 in this case)

into one number, making it easier to analyse. The wRMSETb
is large (>16 K) in both models at the edge of the sea ice east of415

Greenland coinciding with the derived SIC errors. In the interior of the sea ice area, the wRMSETb
varies up to around 16 K.

In the baseline model, we find a region in the Beaufort Sea at the edge of the swath with notably high wRMSETb
values which

is not seen in the updated model. We see that the wRMSETb
metric informs about the model performance at the ice edge and

interior; however, SIC errors are mainly found at the sea ice edge.

Continuing along the flight track in Figure 9, we plot the wRMSETb
and sea ice model errors of first-year ice fraction, ice420

thickness, snow depth, and surface temperature in Figure 10. In particular, the updated model underestimated the ice thickness

in the first part of the track, while the baseline model overestimated the ice thickness in the latter part. This is reflected in

the wRMSETb
statistic, which tends to be higher for the updated model in the first part and lower in the last compared to the

baseline model. The magnitude of the first-year ice fraction error is also reflected in the wRMSETb
signal while the snow height

error seems to have less of an effect. The surface temperatures in the two models are very similar, since the same atmospheric425

forcing is applied over most of the domain. We generalise these results in the following section.

4.4.2 Results for all of 2013

Now we present results from all nine flight track match-ups in 2013 to show the correspondence between wRMSETb
and the

model errors of geophysical variables. A time series of this is found in Appendix F, Figure F1. Here, we show that wRMSETb

is related to the accuracy of the sea ice model.430

Figure 11 compiles the match-ups into scatter plots of ∆wRMSETb
, i.e., difference of wRMSETb

between the two model

versions, and ∆|ex|, the absolute prediction error difference, where x is some geophysical variable:

∆wRMSETb
= wRMSETb

(updated model)−wRMSETb
(baseline model), (12)

∆|ex|= |ex(updated model)| − |ex(baseline model)| (13)

That is, if the updated model is better than the baseline model, then ∆|ex|< 0 and vice versa. We expect that this is reflected435

in ∆wRMSETb
and, therefore, that there is a positive correlation between these two quantities. Figure 11 shows scatter plots

of ∆wRMSETb
versus ∆|ex|, where x is either first-year ice fraction, sea ice thickness, snow depth, or surface temperature.
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Figure 9. Example swath from 21 March 2013 showing TB errors simulated using DMI-HYCOM-CICE output as input to the observation

operator. We show simulation errors for some two selected channels and the resulting wRMSETb . Also, the SIC error is shown for compar-

ison. The resampled OIB data locations are plotted with black dots and indices. These indices link to the x-axis in Figure 10. The arrows

show the flight direction.

Correlation coefficients and their associated p-values are calculated using the pearsonr function from SciPy (Virtanen et al.,

2020).

We find that ∆wRMSETb
is significantly correlated with the improvements/degradations in first-year ice fraction with R2 =440

0.31 and also with the improvements/degradations ice thickness with R2 = 0.14. In contrast, the difference in snow depth

errors and surface temperature errors between the two versions of the sea ice model were too small to significantly impact the

∆wRMSETb
signal.

The correlations found in Figure 11 bring evidence to our suggested methodology, by showing that the divergence of sim-

ulated and observed TBs is related to the sea ice model errors. In the synthetic experiment (Section 4.3), we found that SIC445

had the largest impact on our evaluation metric, but since the OIB data only cover high SIC regions, we could not confirm this

relation in our real experiment here. Both the synthetic experiment and this comparison of two sea ice model versions show

that the first-year ice fraction has a strong impact on the TB divergence. Accordingly, inaccurate modelling of this parameter
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Figure 10. wRMSETb and sea ice model errors along the OIB flight track from 21 March 2013. The errors are defined as model minus

observation. The flight track is drawn in Figure 9.

may hinder a reliable evaluation of other parameters. In this case, DMI-HYCOM-CICE models the sea ice type accurately

enough, so that there is a clear relation between the wRMSETb
and sea ice thickness.450

4.5 Final remarks

We emphasise that this framework is not designed to retrieve direct information about individual sea ice parameters. Instead,

the TB errors and the wRMSETb
provide a measure of the overall accuracy of the sea ice model, as they depend on multiple

model parameters simultaneously. Consequently, the framework is better suited for assessing the overall performance of a sea

ice model rather than its ability to represent specific variables such as sea ice thickness. A key strength of the method is its455
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Figure 11. Scatter plot of ∆wRMSETb and ∆|ex| for all OIB-CICE match-ups in 2013. Dots are coloured by ∆|efirst-year ice fraction| to

show how this quantity dominates the ∆wRMSETb signal here.

extensive spatial coverage, as well as its provision of a largely independent metric for model evaluation in both the marginal

ice zone and the ice interior.

It should be noted that the observation operator must be adapted to the specific sea ice model used. If the model does

not provide the parameters required to simulate the target TBs, these must be inferred from climatology or additional model

simulations. This is challenging and may introduce additional uncertainty. Therefore, sea ice models may benefit from explicitly460

representing the parameters required by the observation operator. For AMSR2 channels, these parameters include, in particular,

the salinity, temperature, microstructure and density of both sea ice and snow. Including these parameters should also improve

the thermodynamic representation of sea ice in simulations (Bitz and Lipscomb, 1999).

5 Conclusions

In this study, we presented a framework for evaluating sea ice models in TB space using a physics-based observation oper-465

ator. By simulating satellite-observed TBs from model output and comparing them directly with observations, the approach

complements traditional evaluation methods that rely on geophysical variables such as sea ice concentration or thickness. The
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methodology enables model assessment using largely independent observations with total polar coverage, thereby addressing

limitations related to sparse in situ data and the non-independence of assimilated satellite products.

The observation operator was constructed for Arctic sea ice under freezing conditions and simulated all AMSR2 channels470

except the 7.3 GHz channels. It used MEMLS coupled to a RTM for the atmosphere and ocean. The observation operator was

tuned using detailed snow pit measurements made on first-year ice and airborne observations of sea ice and snow parameters

from across the Arctic Ocean. Despite the necessary simplifications in the representation of snow and ice properties, the

operator was able to reproduce AMSR2 TBs with reasonable accuracy across multiple frequencies and polarisations (Figure 6

and Table 5).475

We introduced a simple multi-channel evaluation metric, the weighted TB RMSE (wRMSETb
), which aggregates informa-

tion across frequencies into a single, interpretable quantity. Synthetic sensitivity experiments showed how the metric responds

to errors in SIC, first-year ice fraction, sea ice thickness, snow depth, and surface temperature (Figure 8). We found that the

metric is very sensitive to SIC errors and moderately sensitive to the other error types. Application to two versions of a pan-

Arctic sea ice model demonstrated that model improvements are reflected in reduced TB errors and thus the evaluation metric,480

wRMSETb
. In particular, we found significant correlations between the wRMSETb

and model improvements in ice type and ice

thickness with R2 = 0.31 and R2 = 0.14 respectively. The change in snow depth and surface temperature between the model

versions were not large enough to be correlated to the wRMSETb
.

The results highlight that TB-space evaluation provides a comprehensive measure of model performance, reflecting the

combined influence of multiple physical properties of the snow–ice system. As such, the approach is not intended to diag-485

nose individual parameters in isolation, but rather to assess the overall realism of the simulated surface state. The method is

particularly valuable in the interior of the ice pack, where conventional metrics provide limited constraints.

Several limitations remain. The observation operator relies on simplified representations of snow and ice structure, as well as

parametrisations or assumptions that introduce uncertainty. Furthermore, some required geophysical properties must be inferred

rather than directly obtained from the sea ice model, complicating the attribution of errors. Especially, the microstructure of490

air-inclusions in the freeboard of multi-year ice is uncertain but has a large impact on the surface emission. Future work should

aim to improve the representation of sub-footprint variability, refine parametrisations of sea ice and snow permittivity and

scattering, and extend the framework to melting conditions.

Overall, the proposed TB-space evaluation framework represents a promising and scalable tool for the assessment of sea ice

models. With the continued availability of radiometers from current and upcoming missions, it offers a pathway toward more495

comprehensive and independent evaluation of sea ice models across spatial and temporal scales.
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Appendix A: Parametrisation of the salinity profile of first-year sea ice

Here we describe how the salinity profile of first-year ice was inferred when simulating TBs from the AKROSS 2022 Cam-

bridge Bay data and the OIB data. We assumed the profile follows this parametrisation:670

Two depth points are defined:

p1 = cp1
, p2 = hi − cp2

, (A1)

where hi is the total ice thickness and cp1
and cp2

are model parameters to be fitted. Then the salinity at depth z is calculated:

S(z) =





[
f0(z/s)− f0(0)

]
s+ f0(0), if p1 ≥ p2

a0 + a1z+1z≤p1
a2(z− p1)

2 +1z>p2
a2(z− p2)

2, otherwise
(A2)

where a0, a1 and a2 are fitting coefficients, s= hi

cp1+cp2
, and675

f0(z) = a0 + a1z+ a2(z− p1)
2, (A3)

The first branch in Equation A2 is used when the ice is sufficiently thin that the quadratic shoulder regions overlap (p1 ≥ p2).

Finally, non-negativity is enforced: S(z) = max(S(z), 0).

We digitized plots of modelled salinity profiles in Vancoppenolle et al. (2006) and fitted S(z) to the January, February and

March profiles to get:680

a0 = 7.13PSU, a1 =−1.73PSUm−1, a2 = 91.85PSUm−2, cp1
= 0.22m, cp2

= 0.13m (A4)

Profiles of different thickness are plotted along with the digitized Vancoppenolle et al. (2006) profiles for January, February,

March and April in Figure A1. The parametrisation also reproduces the April profile well, despite the April profile not being

included in the fitting procedure.

Appendix B: Comparison of ERA5 and OIB KT19 surface temperatures685

When simulating TBs using OIB data (Section 3.2.2), we used ERA5 skin temperature data instead of OIB KT19 measure-

ments, since ERA5 data better match the spatial scale of AMSR2 footprints. However, ERA5 skin/surface temperatures are

known to be warm-biased (Wang et al., 2019), which we also found when comparing KT19 and ERA5 surface temperatures.

The warm bias is suspected to be mainly explained by snow depth (Herrmannsdörfer et al., 2023), and therefore we made a lin-

ear correction from snow depth by comparing ERA5 and KT19 surface temperatures. A linear regression of the ERA5–KT19690

temperature difference against snow depth is shown in Figure B1. The correction using snow depth (hs) in meters is:

Tsfc = Tsfc,ERA5 − (25.1 ·hs − 0.99) (B1)
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Figure A1. First-year ice salinity computed using the parametrisation along with modelled profiles from Vancoppenolle et al. (2006).

Figure B1. Difference between ERA5 and KT19 surface temperatures as a function of snow depth. The solid line shows the fitted linear

regression.

Appendix C: Ice-snow interface temperature fit to SIMBA observations

In Section 3.2.2, we presented a method (Equation 8) for estimating the ice-snow interface temperature (Tsi), which involved

apparent snow and ice thermal conductivities (ks and ki). To obtain an empirical estimate of ks, we fitted Equation 8 to695

estimates of snow depth, ice thickness, ice-snow interface temperature and snow-air interface temperature derived from SIMBA
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buoys (Preußer et al., 2025). We assumed ki = 2.1WK−1m−1 and fitted ks using observations from April and March by

minimising the mean absolute error between modelled and observed ice–snow interface temperatures. Only Arctic buoys were

considered. The resulting fit giving ks = 0.388WK−1m−1 is seen in Figure C1.

Figure C1. Modelled versus observed ice-snow interface temperature (Tsi) after fitting the apparent snow thermal conductivity (ks).

Appendix D: Calculation of first-year and multi-year ice area fraction from CICE output700

As explained in Section 2.3, DMI-HYCOM-CICE provides first-year ice fraction per grid cell (FFY) and not per sea ice

thickness category (fFY,k), which we want. Ice type fraction is here the fraction of the total ice area - not the grid cell area.

We infer fFY,k with the following method, which labels the thinnest ice categories in a cell as first-year and the thickest as

multi-year ice while preserving FFY. First, the multi-year ice fraction per category (fMY,k) is computed:

fMY,k =





0 xk ≤ 0

1 xk ≥ 1

xk otherwise

, where xk =
( k∑

i=1

fi −FFY

6∑

i=1

fi

)
f−1
i . (D1)705

Here, fi is the sea ice area fraction of a specific ice category, where i= 1 is the thinnest ice and i= 6 is the thickest.
∑6

i=1 fi

gives the total sea ice concentration. The first-year ice fraction per category is then simply fFY,k = 1− fMY,k.

Appendix E: State dependence of observation operator errors: Snow depth and sea ice thickness

Here, we show the dependence of the observation-operator on snow depth and sea-ice thickness. These are supplementary

figures to the results in Section 4.2. Ideally, the TB simulation errors (eTb
) are independent of the absolute value of the snow710
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depth and ice thickness. Figures E1 and E2 show that this is approximately true for most channels, but the 36 GHz and 89 GHz

channels in particular do show some non-linear dependencies.

Figure E1. TB simulation error eTb versus sea ice thickness - complementary figures to the results in Section 4.2.

Figure E2. TB simulation error eTb versus snow depth - complementary figures to the results in Section 4.2.
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Appendix F: Sea ice model errors along all OIB flight tracks

Figure F1 is similar to Figure 10, but includes data from all the relevant OIB flights in 2013 shown on a timeline. Over-/under-

estimations of first-year ice fractions are clearly reflected in the wRMSETb
metric, e.g., the spikes in wRMSETb

on the 23 and715

24 March 2013 coincide with poor estimates of first-year ice fraction. There is also some correspondence between prediction

errors of ice thickness and the evaluation metric, e.g., the pattern of ice thickness errors during 2013-03-22 is clearly reflected

in the wRMSETb
.

Figure F1. Concatenated OIB track results from all of 2013. Similar to Figure 10 but including all OIB tracks from 2013. The tracks are

concatenated with some spacing along the x-axis, with dates shown. The data was smoothed along the track with a box-car window of size 5.
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