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Abstract. The complexity of passive microwave (PM) retrieval of snow depth over Arctic sea ice stems from non-linear 

interactions between snow microstructure, wetness, and basal ice properties. These mechanisms remain insufficiently 15 

quantified, resulting in large uncertainties in PM-based snow products. We employ the snow microwave radiative transfer 

(SMRT) model together with a global sensitivity analysis, i.e. the Extended Fourier Amplitude Sensitivity Test, to decompose 

SMRT-simulated TB variance into contributions from individual parameters and their interactions. Averaging kernel analysis 

is then used to quantify snow depth retrievability across standard PM channels from 6 to 89 GHz under single- and multi-layer 

snowpack scenarios. 1) For single-layer dry snow, snow depth, density and grain radius are strongly coupled to each other, 20 

dominating the PM signals. When liquid water is present in the snow, the PM signals are primarily controlled by snow density 

and liquid water content. 2) In multi-layer dry snow, channels below 23 GHz are strongly influenced by the basal snow ice, 

while those above or equal to 23 GHz are dominated by depth hoar. At 6 GHz, retrievability is limited to dry snow with grain 

radius ≥ 0.5 mm and density ≤ 250 kg m-³, expanding toward finer grains and higher densities with increasing frequency. 

Regarding gradient ratio (GR), GR(18/6) provides limited retrievability for grain radius < 0.5 mm, whereas GR(36/18) remains 25 

effective for grain radius ＞0.2 mm. Notably, incorporating 89 GHz in GR improves the retrievability for new snow. 

Furthermore, sea ice type exerts a significant constraint on GR retrievability of snow depth and becomes increasingly 

pronounced under fine-grained snow conditions. 

1 Introduction  

Snow is a key component of the Arctic climate system. Its high albedo and low thermal conductivity provide an insulation 30 

layer that significantly restricts heat transfer from the ocean through the sea ice (Landrum and Holland, 2022; Vérin et al., 
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2022; Macfarlane et al., 2023). Snow depth can strongly influence the seasonal evolution of sea ice mass balance and the 

atmosphere–ocean-ice coupled system. Pan-Arctic observations of snow properties are therefore essential for advancing 

climate research and for improving the snow component in climate models (Zhou et al., 2021; Kacimi and Kwok, 2022). 

Passive microwave remote sensing provides a unique capability for observing snow on sea ice under most weather and 35 

all-sky conditions. Multi-frequency radiometers, such as the Advanced Microwave Scanning Radiometer (AMSR) 2 and its 

successor AMSR3 measure the upwelling brightness temperature (TB) emitted from the Earth’s surface. TB is influenced by 

various factors, most notably the frequency-dependent penetration depth, absorption, and scattering of radiation within the 

snowpack and the underlying sea ice (Markus and Cavalieri, 1998; Rostosky et al., 2018). Such physical mechanisms create 

fundamental ambiguities for snow depth retrieval. The TB response is not controlled by snow depth alone. It also depends on 40 

snow density, temperature, grain radius and bonding state (Picard et al., 2022a; Picard et al., 2022b; Soriot et al., 2022; Welch 

and Kelly, 2025). These parameters often co-vary in nature, and their combined effects on TBs can be strongly non-linear. As 

a result, many existing snow depth retrievals show pronounced seasonal and regional variability, and they can exhibit 

systematic biases when the actual snow microstructure deviates from the assumptions used in the algorithm (Yang et al., 2021; 

Gao et al., 2023; He et al., 2024). Because of the limited application ranges of existing snow depth retrieval algorithms, here 45 

we step back and suggest a more fundamental study on the snow and sea ice conditions under which retrieval of snow depth 

is possible and under which conditions it is not possible. In the remaining part of this introduction, we introduce the tools to 

be used for this purpose.  

Radiative transfer modelling provides a physics-based analysis to quantify these effects and diagnose the retrievability 

of snow properties from passive microwave observations (Fuhrhop et al., 1998; Kang et al., 2019; Soriot et al., 2022; Wivell 50 

et al., 2023; Zhou et al., 2021). The Snow Microwave Radiative Transfer (SMRT) model can simulate AMSR2 multi-frequency 

and dual-polarisation TBs over parameterised Arctic snow and sea ice stratifications (Picard et al., 2018). To quantify how 

uncertainties in the snow properties propagate into TBs, it is necessary to evaluate model sensitivities across a plausible range 

of snow parameters. However, radiative transfer in snow is highly non-linear and state-dependent. As a result, local sensitivity 

tests can be misleading because parameter interactions may amplify or suppress sensitivities depending on the background 55 

conditions (Picard et al., 2013; Picard et al., 2018; Ottaviani et al., 2024). In this study, we aim to examine how the sensitivity 

of snow depth is modulated by snow microstructural properties, vertical stratification, snow wetness, and basal ice properties, 

while quantitatively assessing these effects within each AMSR2 observation channel. To this end, we adopt a global sensitivity 

analysis toolkit to quantitatively disentangle the contributions of individual parameters and their couplings to TBs. Here, 

“global” refers to the exploration of the full parameter space and their combined effects over the prescribed uncertainty ranges. 60 

Specifically, we apply the Extended Fourier Amplitude Sensitivity Test (EFAST) to decompose the variance of SMRT-

simulated TB into contributions from individual parameters and from their couplings (Saltelli et al., 1999). This approach 

provides a unique quantitative ranking of parameter importance across prescribed ranges and makes it possible to identify 

regimes in which coupling effects dominate the TB variability (Marino et al., 2008). We are not aware of similar work done 

before. 65 
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Sensitivity ranking of a single parameter alone does not adequately answer the retrieval question. A parameter can be 

sensitive in a dimensionless variance decomposition sense while still being poorly retrievable because the effect of this single 

parameter on TB is degenerate with other parameters, masked by measurement noise or dominated by prior constraints 

(Rodgers, 2000; Tarantola, 2005). The quantitative assessment of the impact of multiple parameters on snow depth 

retrievability remains a knowledge gap, in particular the non-linear coupling of snow microstructure, liquid water content, and 70 

sea ice type. Quantitative benchmarks are needed to define, for example, the precise envelope of grain size and density within 

which 36 GHz observations provide sufficient information for a robust snow depth retrieval. Therefore, we complement the 

sensitivity analysis with the concept of retrievable range: the subset of the multidimensional parameter space in which the 

observations provide sufficient independent information to retrieve a target parameter. We quantify this idea using the 

averaging kernel matrix from the optimal estimation theory (Rodgers, 2000), which links the retrievability to both the assumed 75 

observation error covariance and the prior parameter covariance. By evaluating the diagonal averaging kernel elements across 

the sampled parameter space, we map where a given parameter is observation-driven and thus practically retrievable.  To 

perform these analyses, it is necessary to define realistic ranges for snow properties throughout the Arctic winter, as well as 

representative values for the underlying sea ice. Among the currently available datasets, MOSAiC provides the most 

comprehensive observational basis for this purpose, owing to its extensive snow and sea ice measurements collected during 80 

the 2019–2020 winter season (Nicolaus et al., 2022). We therefore use MOSAiC observations as the primary basis for 

constructing the snow and ice parameter constraints adopted in this study. 

2 Method 

2.1 Snow microwave radiative transfer model 

The SMRT model (Picard et al., 2018) solves the radiative transfer equation for a stratified snowpack by integrating layer-85 

specific electromagnetic properties with microstructure-dependent extinction. It simulates emission, absorption, and multiple 

scattering processes within the snow and ice layers for multiple frequencies. This forward modelling enables consistent 

simulation of how variations in snow parameters propagate into TB responses, providing an essential foundation for sensitivity 

and retrievability analyses. 

In this study, three configurations, single-layer snow, multi-layer snow, and coupled snow and sea ice stratification are 90 

considered. Snow is further classified into dry and wet conditions. SMRT provides multiple built-in options for microstructure 

representation and electromagnetic modelling, and the selected combination determines the parameterisation of snow. In this 

study, the sticky hard spheres (SHS) microstructure model is combined with the improved Born approximation (IBA) 

scattering solver (Mätzler, 1998), which is implemented as a standard configuration in SMRT and has been commonly applied 

in Arctic snow studies (Löwe and Picard, 2015; Picard et al., 2018; Vargel et al., 2020). Under the selected SHS+IBA 95 

configuration, each snow layer in SMRT is characterised by a set of snow parameters, including layer thickness, density, 

temperature, effective grain radius, and stickiness. Grain radius is determined by the size and shape of individual scatterers, 
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whereas snow density is determined by the ice volume fraction. Together, these two parameters dictate the number of grains 

per unit volume. Stickiness further describes the degree of inter-granular bonding, clustering and sintering. During snow 

metamorphism, grain growth typically occurs concurrently with densification (Colbeck, 1982). A notable example is the strong 100 

correlation between grain radius and density in wind slab, which often consists of small, fragmented grains that are densely 

packed (Domine et al., 2008). For wet snow simulations, liquid water content (LWC) is additionally prescribed for each layer. 

TBs are simulated using SMRT for the twelve AMSR2 channels, and all simulations are performed at a fixed incidence angle 

of 55° (see Sect. 3.2). For each channel, SMRT computes the upwelling TB at the snow–air interface. 

2.2 Global sensitivity analysis 105 

We apply EFAST (Saltelli et al., 1999) to decompose the variance of SMRT TBs and to rank the contributions from individual 

parameters as well as from their interactions. In the EFAST, each input parameter is assigned to a unique angular frequency, 

and the model response is evaluated along a one-dimensional sampling curve in the multidimensional parameter space. The 

resulting response is expanded into a Fourier series, such that variance contributions from each parameter are encoded in the 

amplitudes of the corresponding spectral components. Based on the Fourier coefficients, EFAST provides variance-based 110 

sensitivity indices, including the single sensitivity index (SSI) and the total sensitivity index (TSI), which account for the 

isolated contribution of a parameter and its contribution including interactions, respectively. Accordingly, global sensitivity 

analysis is implemented in two steps. Firstly, for the forward model (𝑦 = 𝑓(𝑥), 𝑥 = (𝑥1, 𝑥2, ⋯ , 𝑥𝑛)), the space of the input 

variables (𝑥𝑖(𝑠)) is sampled along a curve defined as  

𝑥𝑖(𝑠) =  
1

2
+

1

𝜋
arcsin[sin(𝜔𝑖𝑠 + 𝜑𝑖)] , (1) 115 

where 𝑖 = 1,2, ⋯ , 𝑁, and 𝜑𝑖 is a uniformly distributed random phase shift within the range of [0, 2𝜋), 𝑠 represents the sample 

order from 1 to the total number of samples N and 𝜔𝑖 is the Fourier frequency, which can be calculated based on the sample 

size and interference factor: 

𝜔𝑚𝑎𝑥 =  
𝑁−1

2𝑀
, (2)  

where the 𝑁 is the sample size for each input parameter, 𝑀 is the given interference factor, which is usually set to 4.  120 

Secondly, we input the samples into the SMRT,  which in turn outputs are expanded by the Fourier series:  

𝑦 = 𝑓(𝑠) = ∑ {𝐴𝑗 cos(𝑗𝑠) + 𝐵𝑗 sin(𝑗𝑠)}

∞

𝑗=−∞

, (3) 

where the Fourier coefficients 𝐴𝑗 and 𝐵𝑗  are defined as: 

𝐴𝑗 =  
1

2𝜋
∫ 𝑓(𝑠) cos(𝑗𝑠)

𝜋

−𝜋

𝑑𝑠, (4) 

𝐵𝑗 =  
1

2𝜋
∫ 𝑓(𝑠) sin(𝑗𝑠)

𝜋

−𝜋

𝑑𝑠, (5) 125 
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over the domain of integer frequencies 𝑗 ∈ 𝑍 =  {−∞, ⋯ , −1, 0, 1, ⋯ , +∞}. The total variance of the model output is obtained 

as:  

𝐷̂ =
1

2𝜋
∫ 𝑓2(𝑠)𝑑𝑠 − [

1

2𝜋
∫ 𝑓(𝑠)𝑑𝑠

𝜋

−𝜋

]

2𝜋

−𝜋

≈ 2 ∑(𝐴𝑗
2 + 𝐵𝑗

2)

+∞

𝑗=1

. (6) 

The partial variance 𝐷̂𝑖  of the individual parameter 𝑥𝑖  is estimated based on the Fourier coefficients 𝐴𝑗  and 𝐵𝑗  with 

respect to its specific Fourier frequency 𝜔𝑖 as 130 

𝐷̂𝑖 =  2 ∑(𝐴𝑗𝜔𝑖

2 + 𝐵𝑗𝜔𝑖

2 )

+∞

𝑗=1

. (7) 

So, we can calculate SSI and TSI: 

𝑆𝑆𝐼𝑖 =  
𝐷̂𝑖

𝐷̂
, (8) 

𝑇𝑆𝐼𝑖 = 1 −
𝐷̂−𝑖

𝐷̂
, (9) 

where 𝐷̂−𝑖 stands for the variance contribution from all Analysis of Variance terms that do not involve the 𝑖th parameter, 135 

defined as 𝐷̂−𝑖 =  ∑ 𝐷𝑘̂  , 𝑘 ≠ 𝑖. The SSI represents the direct contribution of the 𝑖th parameter, whereas TSI measures its total 

contribution, including both its direct effect and all interaction effects with other parameters. If TSI is higher than SSI, it 

indicates that the parameter exhibits coupling effects with other parameters. The value obtained by subtracting SSI from TSI 

represents the magnitude of this coupling effect. 

2.3 Retrievability analysis 140 

While EFAST ranks snow parameters using dimensionless sensitivity indices, it does not directly assess whether a parameter 

is retrievable under a given snowpack configuration. In a highly non-linear radiative transfer model, sensitivities are state-

dependent because coupling effects between parameters can cause the value of one variable to alter the response to others. 

Consequently, the practical retrievability of snow parameters from TBs can vary markedly across different snow structures. 

To address this issue, we introduce the concept of retrievable range to describe the conditions under which a given parameter 145 

can be effectively retrieved from passive microwave observations. We define the retrievable range as the subset of the multi-

dimensional parameter space in which a specific parameter can be retrieved with adequate information content from TBs. 

A parameter is considered retrievable when the observation provides sufficient independent information to reduce its 

uncertainty beyond what is implied by measurement noise and intrinsic variability. This notion of retrievability depends on 

the sensitivity of TBs to the parameter across channels, the observational noise of TBs, and the prior variability of the parameter 150 

itself. Following the uncertainty propagation and information content theory, we quantify this process using the averaging 

kernel matrix, a standard diagnostic within optimal estimation theory (Rodgers, 2000): 

𝐴 = (𝐾𝑇𝑆𝑒
−1𝐾 + 𝑆𝑎

−1)−1𝐾𝑇𝑆𝑒
−1𝐾, (10) 
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where 𝐾 is the Jacobian matrix containing the partial derivatives of simulated TBs with respect to snow parameters, Sₐ is the 

prior covariance matrix, and Sₑ is the observation error covariance. The diagonal elements of 𝐴, expressed as 𝐴𝑖𝑖, indicate the 155 

degree to which each parameter is constrained by observations rather than by the prescribed prior. In this sense, the 𝐴𝑖𝑖 quantify 

the fraction of the retrieved variability attributable to observation information for parameter 𝑖, with values approaching 1 

indicating strong observation-driven and values near 0 indicating a prior dominated. Thus, the averaging kernel diagonal 

provides a physically meaningful criterion for establishing the retrievable parameter space. Because the averaging kernel is 

rarely strictly binary, a practical threshold is required to classify whether a parameter is observational retrievable. Following 160 

the common practice in atmospheric and cryosphere studies (Hou et al., 2018; Stöffelmair et al., 2025), we adopt: 

𝐴𝑖𝑖 > 0.5 , (11) 

as an operational criterion, indicating that the retrieval of the parameter is predominantly driven by the observations rather 

than the prior, and therefore is retrievable with meaningful independent information content. Conversely, parameters with 𝐴𝑖𝑖 

below this threshold are regarded as weakly constrained by observations and are therefore not effectively retrievable from 165 

observations alone. This analysis not only identifies which parameters are retrievable but also delineates the specific regions 

in the parameter space, i.e. physical regimes, in which the observations become informative (see Sect. 4). By mapping 𝐴𝑖𝑖 

across the sampled multi-dimensional parameter space, this study defines the retrievable range for snow depth under varying 

snow and sea ice conditions. 

In this study, we quantify the retrievable range for snow depth using single-channel TBs and gradient ratios (GRs). For 170 

the prior uncertainty of snow depth, Sₐ is specified using an Arctic-wide estimate of natural variability. Following Rückert et 

al., (2023), we adopted Sₐ (𝜎𝑠𝑛𝑜𝑤 𝑑𝑒𝑝𝑡ℎ) = 0.2m for the prior uncertainty for snow depth retrievability analysis. For single-

channel TBs, the observation error covariance (S𝑒) is specified using the nominal AMSR2 radiometric noise, assumed to be 1 

K uncertainty for each channel. For the GR-based retrievals, S𝑒is derived by propagating the TB measurement uncertainty 

through the GR formulation. For a GR defined from two TB channels, 𝑇𝐵1and 𝑇𝐵2, 175 

𝐺𝑅 =  
𝑇𝐵1 − 𝑇𝐵2

𝑇𝐵1 + 𝑇𝐵2

 , (12) 

the uncertainty of 𝐺𝑅 is approximated by first-order error propagation, 

𝜎𝐺𝑅
2 ≈ ∑ (

𝜕𝐺𝑅

𝜕𝑇𝐵𝑖

)
2

𝜎𝑇𝐵𝑖

2

𝑖≤2

+ 2 ∑
𝜕𝐺𝑅

𝜕𝑇𝐵𝑖
𝑖<𝑗≤2

𝜕𝐺𝑅

𝜕𝑇𝐵𝑗

𝐶𝑜𝑣(𝑇𝐵𝑖 , 𝑇𝐵𝑗), (13) 

where 𝜎𝑇𝐵𝑖
 denote the radiometric noise (set to 1 K here), and 𝐶𝑜𝑣(𝑇𝐵𝑖 , 𝑇𝐵𝑗) is the uncertainty covariance between the two 

channels. Assuming uncorrelated channel noise (Cov(𝑇𝐵𝑖 , 𝑇𝐵𝑗) = 0) and equal variances (𝜎𝑇𝐵1
= 𝜎𝑇𝐵2

= 1 𝐾), Eq. (13) 180 

reduces to 

𝜎𝐺𝑅 =
2𝜎𝑇𝐵𝑖

(𝑇𝐵𝑖 + 𝑇𝐵𝑗)
2 √𝑇𝐵𝑖

2 + 𝑇𝐵𝑗
2 (𝑖 < 𝑗 ≤ 2). (14) 

This 𝜎𝐺𝑅will used as the observation error for the GR-based snow depth retrieval in the retrievability analysis. 
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3 Data 

3.1 MOSAiC observations 185 

The snow parameter configurations in this study are based on MOSAiC in-situ observations (Frickenhaus et al., 2022; Nicolaus 

et al., 2022). MOSAiC was a year-long drift expedition in the central Arctic Ocean from September 2019 to October 2020, 

with the icebreaker Polarstern serving as the central observational platform. The compiled MOSAiC snow pit database includes 

576 snow pits and provides profiles of snow depth, density, temperature, snow water equivalent, salinity, and micro-computed 

tomography (micro-CT) samples, with measurements collected using a broad suite of instruments across the expedition 190 

(Macfarlane et al., 2021). In this study, we use in-situ measurements of snow depth, temperature profiles measured using a 

waterproof thermometer with a needle probe, density profiles measured using a fixed volume density cutter, specific surface 

area (SSA) derived from micro-CT analyses, and snow salinity profiles from snow pit samples measured in the laboratory.  

Although this study primarily focuses on snow, the underlying sea ice also exerts a non-negligible influence on snow 

radiative transfer. We use the MOSAiC ice core datasets, providing co-located profiles of sea ice thickness, temperature, 195 

salinity, density and brine volume fraction (BVF) (Oggier et al., 2024; Oggier et al., 2025). Ice cores were classified as first-

year ice (FYI) and multi-year ice (MYI) and sampled independently. During each coring event, ice temperature was measured 

using the thermometer inserted into pre-drilled holes. Ice salinity was measured from melted 5 cm core sections with a 

conductivity meter. Ice density was measured on a separate density core using the hydrostatic weighing method. Relative BVFs 

were derived from the measured salinity, temperature, and density following Cox and Weeks (1983) for cold ice, and 200 

Leppäranta and Manninen (1988) for ice warmer than -2℃. 

3.2 Microwave radiometer configuration 

AMSR2 is a spaceborne passive microwave radiometer onboard the Global Change Observation Mission satellite, providing 

continuous global observations since 2012. AMSR2 measures upwelling microwave TBs at six frequency bands centred at 6.9, 

10.7, 18.7, 23.8, 36, and 89 GHz (henceforth denoted as 6, 10, 18, 23, 36 and 89 GHz for simplicity), operating at a conical 205 

incidence angle of approximately 55°. In this study, AMSR2 frequencies and polarisations are explicitly represented in the 

SMRT model simulations, forming the basis for the global sensitivity analysis in which channel-specific responses of TB to 

snow depth variability and parameter interactions are quantified. 

3.3 Layered snow scenarios 

We use the MOSAiC data together with existing Arctic snow literature (Fuhrhop et al., 1998) to define the snow stratification 210 

and to constrain physically plausible ranges for the key snow properties. We consider 1) single-layer snow and 2) multi-layer 

snow representations and perform the sensitivity analysis separately for each configuration. The multi-layer dry snow is 

subdivided into three characteristic layers: wind slab, depth hoar, and a basal snow ice layer (Fig. 1a). The wind slab typically 

forms through wind driven redistribution and compaction, resulting in relatively high density and small grain radius. Depth 
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hoar develops under strong vertical temperature gradients via metamorphism, producing relatively low density and coarse-215 

grained structure. The snow ice layer forms near the snow–ice interface through flooding followed by refreezing, therefore 

more saline than the overlying snow (Maksym and Jeffries, 2001; Sturm et al., 2002). For wet snow conditions (Fig. 1b), the 

stratification was simplified into a wet snow layer and a basal superimposed ice layer, with the latter representing refrozen 

meltwater from snow that accumulates and freezes in the snow-ice surface. Fig. 2 presents the vertical profiles of snow density, 

temperature, salinity and grain radius measured during MOSAiC, presented separately for the winter dry snow period 220 

(November 2019 to May 2020) and the summer wet snow period (June to September 2020). Coloured points represent 

individual snow pits profiles in each month, whereas the black curve provides the ensemble central tendency at each height, 

with horizontal bars indicating the corresponding standard deviations. Grain radius (𝑟s𝑛𝑜𝑤 , mm) is derived from measured SSA 

and converted to an equivalent grain radius using (Domine et al., 2008):  

𝑟s𝑛𝑜𝑤 =
3

𝜌iceSSA
, (15) 225 

where 𝜌ice denotes the density of pure ice (910 kg m-3). This conversion provides an effective microstructural descriptor that 

is consistent with the SHS parameterisation.  

 

Figure 1: Conceptual diagrams of dry snow and wet snow layering over Arctic sea ice. 

Based on the MOSAiC winter dry snow measurements, the layered snowpack is clearly expressed in the vertical increase 230 

of grain radius with depth (Fig. 2h). The upper snow is characterised by a small grain radius, consistent with a dense, fine-

grained wind slab formed under wind compaction. With increasing snow depth, the grain radius progressively increases, 

ultimately transitioning to a coarse-grained layer that is characteristic of depth hoar. Snow salinity is often assumed to be 

negligible for Arctic snow, and the MOSAiC observations broadly support this assumption for snow layers above 

approximately 0.1 m, where salinity remains close to zero (Fig. 2d). However, MOSAiC also reveals a distinct regime in the 235 

near to basal snow (<10 cm), where salinity can increase sharply, reaching values as high as 10 (Fig. 2d). We conclude from 

this pronounced salinity enrichment that the snowpack cannot always be treated as a purely fresh medium near the snow–ice 

interface. Instead, it suggests the presence of an additional transitional layer between snow and sea ice, commonly referred to 

as snow ice in winter (Maksym and Jeffries, 2001), which inherits salinity from seawater and brine intrusion. Given that the 

SMRT model derives the BVF from salinity and temperature and subsequently uses it to simulate scattering, we directly 240 
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parameterise snow ice using the BVF. The stickiness in the SHS is an effective parameter describing short-range spatial 

correlation among snow grains. In SMRT, it is used together with grain radius to control the simulated microwave scattering 

and emission. Since stickiness is not a strictly physical parameter itself, it is not discussed in further detail in this study. The 

physically plausible ranges of the corresponding snow layer parameters are presented in Tabs. 1 and 2. 

For wet snow conditions, the presence of liquid water markedly alters both the microstructure and the thermodynamic 245 

properties of the snowpack. Once melt begins, liquid water increases inter-grain bonding and promotes rapid grain coarsening, 

while percolation and refreezing processes redistribute mass vertically and tend to homogenize the snowpack (Colbeck, 1974; 

Wever et al., 2014; Vuyovich et al., 2017). We represent wet snow in our simulations using a single snow layer, characterised 

by depth, density, LWC, grain radius and stickiness. Based on the MOSAiC measurements, wet snow temperatures remain 

close to the melting point (273.15 K) with only a small standard deviation throughout the melt season (Fig. 2g). Therefore, in 250 

the sensitivity analysis, the wet snow temperature was treated as a fixed parameter and set to 273.15 K. To ensure the validity 

of the Rayleigh scattering regime at 89 GHz, the effective grain radius was constrained to be less than 0.5 mm, following the 

established practices (Mätzler, 1998; Picard et al., 2018). This choice improves numerical stability and maintains physical 

consistency of the IBA-based scattering calculations in our simulation. In addition to wet snow melting, there often exists a 

superimposed ice layer at the snow–ice interface. Superimposed ice develops when meltwater generated within the snowpack 255 

percolates downward and refreezes upon reaching a colder underlying ice surface (Nicolaus et al., 2003; Granskog et al., 2006). 

Repeated melt–freeze cycles and sustained percolation can thicken this layer, which effectively modifies the lower boundary 

condition of the snowpack by increasing reflectivity and reducing permeability (Arndt et al., 2021; Wever et al., 2016). Tab. 

3 presents the physically plausible ranges of the corresponding wet snow parameters. 

 260 

Table 1 Single layer snow parameter ranges for global sensitivity analysis (Radius: snow grain radius) 

Parameters Depth Density Temperature Radius Stickiness Liquid water content 

Unit m kg m-3 K mm - % 

Dry snow [0, 0.6] 
[150, 
500] 

[240, 270] [0.1, 0.4] [0.1, 0.3] 0 

Wet snow [0, 0.5] [150,500] 273.15 [0.1, 0.5] [0.1, 0.2] [0, 10] 

 

 

 

 265 
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Table 2 Multi-layer dry snow parameter ranges for global sensitivity analysis (BVF: Brine volume fraction, Radius: snow grain 

radius)  

 270 

 

 

 

 

Table 3 Multi-layer wet snow parameter ranges for global sensitivity analysis (Sup. ice: Superimposed ice) 275 

Parameters Depth Density Temperature Radius Stickiness Liquid water content 

Unit m kg m-3 K mm - % 

Wet snow 
[0, 
0.5] 

[150, 500] 273.15 [0.1, 0.5] [0.1, 0.2] [0, 10] 

Sup. ice 
[0, 
0.1] 

[600, 900] [255,270] 0.1 0.3 - 

 

3.4 Basal ice scenarios 

In the snow sensitivity analysis, the basal sea ice layer needs to be specified with special care because it provides the lower 

boundary condition for radiative transfer through the snowpack. Arctic sea ice is commonly categorised into FYI and MYI, 

which differ primarily in their salinity and BVF. FYI typically retains higher salinity and larger BVF, whereas MYI is generally 280 

desalinated through brine drainage and melt processes, resulting in lower BVF (Cox and Weeks, 1974; Notz and Worster, 

2009). For winter dry snow analysis, the underlying basal sea ice was assumed to be FYI, whereas for summer wet snow 

analysis it was assumed to be MYI. In addition, for winter dry snow, differences in microwave emission between FYI and 

MYI can bias snow depth retrievals, particularly for GR algorithms (Markus and Cavalieri, 1998; Rostosky et al., 2018). We 

therefore used the MYI fraction (MYIF), defined as the areal proportion of MYI over sea ice within the sensor footprint, to 285 

quantify and evaluate the potential impact of ice type variability on the snow depth retrieval. Guided by MOSAiC observations 

and accounting for the microwave penetration depth (<0.5m in sea ice at the lowest frequency), we represent the basal sea ice 

medium using a two-layer structure. The upper ice layer extends from the ice surface to 0.5 m depth, while the lower layer 

represents the ice below 0.5 m. In SMRT, the primary distinction between FYI and MYI is represented through the dominant 

scattering inclusions. For FYI, scattering is mainly associated with brine inclusions, whereas for MYI it is primarily governed 290 

by air bubbles, and MYI density is computed from the porosity in SMRT. Based on the contrasting physical characteristics of 

these scatterers, we prescribe scattering properties in the SMRT simulation (Shokr and Sinha, 1994; Tonboe, 2010; Picard et 

al., 2018). Each layer is parameterized by thickness, temperature, and either density/BVF (FYI) or porosity (MYI), as 

summarized in Tab 4. The ice temperature is assumed to be constant in both FYI and MYI at 265 K.  

Parameters Depth Density Temperature Radius Stickiness BVF 

Unit m kg m-3 K mm - % 

Wind Slab [0, 0.2] 
[200, 
500] 

[235, 265] 
[0.05, 
0.2] 

[0.1, 0.2] - 

Depth Hoar [0, 0.3] 
[150, 
500] 

[245, 265] [0.2, 0.5] [0.1, 0.3] - 

Snow ice [0, 0.1] 
[600, 
900] 

[255, 270] 1 - [0, 10] 
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Table 4 Multi-layer sea ice parameters (BVF: Brine volume fraction, Radius: scatterer radius)  295 

Parameters Thickness Density 
Temperatur

e 
Radius BVF Porosity 

Unit m kg m-3 K mm % % 

FYI 
Layer 1 0.5 910 265 0.1 5 - 

Layer 2 1.0 910 265 0.1 5 - 

MYI 
Layer 1 0.5 - 265 1.0 - 5 

Layer 2 1.5 - 265 1.0 - 5 

 

 

Figure 2: Stratified measurements of snow properties during the winter and summer months of the MOSAiC expedition. (a) locations 

of snowpit and snow depth, (b-c) snow density; (d-e) Snow salinity; (f-g): Snow temperature: (h-i): Snow grain radius. Colour points 

indicate measurements for each month, and black lines represent the ensemble central tendency of the corresponding profiles. The 300 
horizontal bars are the standard deviation  at various depths. 

4 Results 

4.1 Global sensitivity analysis 

4.1.1 Single-layer snow 

Fig. 3 presents the EFAST sensitivity indices of single-layer snow for all AMSR2 channels under dry snow and wet snow 305 

conditions. Each vertical bar corresponds to one AMSR2 channel, and the different colours represent the sensitivity 

contribution from snow depth, density, grain radius, stickiness, temperature (only in dry snow) and LWC (only in wet snow), 

respectively. The solid segments show the single sensitivity index of each parameter, representing the fraction of TB variance 
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that can be explained by this parameter alone. The dotted extension of each solid segment represents the additional sensitivity 

captured by the total sensitivity, which includes not only the parameter’s single effect but also all coupling effects between 310 

this parameter and the others. In other words, the dotted portion explicitly shows how much extra variance is explained when 

the coupling effects between this parameter and other parameters are included. It is important to note that these EFAST indices 

are relative measures defined within the chosen snow parameter set. Moreover, the information that each channel carries about 

the snowpack is not the same, because the penetration depth of the microwave signal and its physical interaction with the 

snow/ice pack vary with frequency. Consequently, a parameter may appear highly sensitive in one channel while that channel 315 

still does not contain sufficient independent information to robustly retrieve it. As an example, at low frequencies (6 GHz and 

10 GHz), the information content of TBs about the snowpack is intrinsically weak, with most of the signal still originating 

from the underlying sea ice (Burgard et al., 2020). At these frequencies, snow density emerges as the dominant parameter, as 

its sensitivity indices are much larger than those of other snow parameters. However, changes in density lead to only modest 

variations in TBs (see Sect. 4.2). 320 

Under dry snow conditions in winter (Fig. 3a), snow density is the dominant control on simulated TB between 6 and 18 

GHz, with negligible coupling effects from other parameters except at 18 GHz. With increasing frequency, the sensitivity to 

density gradually decreases, becoming more evenly distributed among various snow parameters. Conversely, grain radius 

exerts a dominant control on simulated TB at high-frequency channels, particularly at 36 and 89 GHz. At frequencies above 

18 GHz, the parameters governing snow microstructure, i.e. density, grain radius and stickiness, are subject to strong coupling 325 

effects. While their SSIs are modest, the corresponding TSIs are considerably larger. Consequently, neglecting the variability 

in snow density and grain radius can introduce significant biases in the snow depth retrieval. While several algorithms explicitly 

incorporate snow density in the retrieval of snow depth, they often rely on prescribed or climatological values (He et al., 2024). 

As a result, the temporal evolution of snow microstructure and its coupled effects on microwave scattering are generally not 

fully represented. Retrieval errors may arise when the true microstructural state of the snowpack deviates from these 330 

assumptions. Nevertheless, the parameter ranges adopted in this study are designed to encompass a broad variability of typical 

Arctic snow and sea ice conditions. While potential extreme outliers are not explicitly considered, they are unlikely to constrain 

the general findings of this analysis. 
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 335 

Figure 3: EFAST sensitivity result of single-layer Arctic snow parameters for the AMSR2 channels under dry snow (a) and wet snow 

(b) conditions. Solid segments indicate the SSI of each parameter, while dotted extensions show the coupling effects captured by the 

TSI. For each channel (column), the strongest single sensitivity and the total sensitivity are also given numerically. 

4.1.2 Multi-layer dry snow 

The multi-layer dry snow is idealized as an upper wind slab layer, an underlying depth hoar layer, and a basal snow ice layer. 340 

Fig. 4 presents the EFAST results for the multi-layer dry snow. Again, for each channel, the solid segments indicate the TSI, 

and the dotted segments represent the portion of coupling effects.  

Between 6 and 18 GHz V-pol channels, the signal is almost entirely dominated by the snow ice layer, with snow ice 

temperature and BVF being the most sensitive parameters. In contrast, the dominant parameter shifts at Horizontal polarisation 
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(H-pol) channels, and the TB variance is controlled mainly by the density of the depth hoar, suggesting that H-pol at low 345 

frequency is comparatively less responsive to snow ice variability and more influenced by overlying snowpack structure. The 

23 GHz channel sensitivities are broadly consistent with the 18 GHz behaviours in terms of polarisation contrast. However, 

the dominance of snow ice in 23 GHz V-pol weakens, and the sensitivity originating from wind slab and depth hoar increases. 

We also find that coupling effects are substantially stronger in the V-pol channels than in the H-pol channels, consistent with 

our single-layer sensitivity analysis (Fig. 3). At 23 GHz, coupling effects are no longer restricted to the snow ice layer. Depth 350 

and density of the depth hoar exhibit pronounced coupling effects with parameters in the snow ice layer, indicating both intra-

layer and inter-layer dependencies. This result implies that retrievals of bulk snow properties such as snow depth and density 

from the 23 GHz V-pol channel are likely to be strongly influenced by the presence of snow ice. At 89 GHz, both the depth, 

density and grain radius of wind slab and depth hoar layers exhibit pronounced sensitivities. The radius in the depth hoar layer 

exerts strong control on volume scattering and thus on the 89 GHz signal. 355 

Snow ice, depth hoar, and wind slab exhibit distinct sensitivity patterns across frequencies and polarizations. This 

suggests that multi-frequency passive microwave observations could be used to retrieve not only bulk snow properties but also 

the internal snow layering structure. For example, the 18 and 23 GHz V-pol channels can provide valuable information on the 

presence of snow ice. Given the widespread occurrence of snow ice over the Arctic sea ice (Merkouriadi et al., 2020; 

Merkouriadi et al., 2017) and its influence on the thermal insulation and seasonal evolution of sea ice mass balance, the ability 360 

to identify snow ice from these channels would be of considerable practical value. By contrast, 36 GHz stands out as an 

excellent frequency for observing the depth hoar layer, consistent with the fact that depth hoar is a dominant component of dry 

winter snowpack and that many existing snow depth retrieval algorithms are built upon the 36 GHz observations. However, 

the relatively low sensitivity of 36 GHz to the wind slab implies that the retrieval relying primarily on 36 GHz, even when 

combined with lower-frequency channels, may underestimate total snow depth in situations when a thick layer of wind slab is 365 

present, because the contribution of wind slab is effectively underrepresented in the microwave radiometric signal. In contrast, 

higher-frequency channels (e.g., 89 GHz) or spectral gradients such as GR(89/36) exhibit enhanced sensitivity to wind slab 

microstructure and layer thickness, as demonstrated in our sensitivity analysis (see the supplementary materials). Therefore, 

incorporating high-frequency information may help mitigate the underestimation biases and improve the detectability of wind 

slab, although the retrieval remains constrained by the properties of the underlying depth hoar. 370 
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Figure 4: Multi-layer dry snow global sensitivity analysis result. Within each cell, solid segments indicate the TSI of each parameter, 

while dotted extensions show the portion of coupling effects. The upper underlined number denotes the total sensitivity index, and 

the number below denotes the coupling effects index. (WS: wind slab layer, DH: depth hoar layer, SI: snow ice layer.) 

4.1.3 Multi-layer wet snow 375 

Compared to dry snow, wet snow contains a non-negligible fraction of liquid water within the pore space. As shown in Fig. 5, 

the sensitivity results for wet snow differ markedly from those of dry snow. Between 6 and 18 GHz H-pol channels, the SSI 

and TSI exhibit a consistent pattern. Snow density and LWC in the wet snow layer account for nearly all the sensitivity, while 

other parameters yield TSI near zero. The 89 GHz H-pol channel behaves differently. While snow density and LWC remain 

the predominant sensitive parameters, superimposed ice properties (depth and density), as well as snow depth and radius, 380 

acquire non-negligible TSI. The corresponding coupling indices at 89 GHz are significantly larger than those at 18 - 36 GHz, 

although they remain lower in H-pol than in V-pol. This shift indicates that at 89 GHz H-pol, the emission is no longer governed 

solely by the bulk permittivity of a homogeneous wet layer. When the wet snow layer is of finite depth, reflections from the 

underlying superimposed ice and residual microstructural scattering also contribute to the signal. In this regime, snow density 

and LWC modulate the radiometric response not only through their effect on the effective permittivity but also through their 385 

influence on layer contrasts and shallow-volume scattering.  

Across the 6 - 36 GHz, only snow depth, snow density and LWC exhibit some SSI, while other parameters, most notably 

snow grain radius and superimposed ice properties, have small direct effects. However, once coupling effects are considered, 

a different picture emerges. The coupling effects bring snow grain radius and superimposed ice depth to the foreground, leading 

to high TSIs even though their SSI are negligible. Moreover, the strength of coupling effects increases systematically with 390 

frequency. The strongest interactions involve snow and superimposed ice depth, snow density, grain radius and LWC. 
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Physically, LWC strongly influences the penetration depth of the wet snow layer and therefore modulates the degree to which 

the deeper layers are coupled to the observed radiation. At higher frequencies, the wet layer becomes increasingly absorbing, 

and residual microstructural scattering may contribute when the wet layer is not fully opaque. These processes jointly produce 

a more non-linear sensitivity of the TBs to combined variations in layer depth and LWC, effectively enhancing parameter 395 

coupling in the microwave radiometric response. 

 

Figure 5: Multi-layer wet snow global sensitivity analysis. Within each cell, solid segments indicate the TSI of each parameter, while 

dotted extensions show the portion of coupling effects. The upper underlined number denotes the total sensitivity index, and the 

number below denotes the coupling effects index. (Sup. ice: superimposed ice) 400 

4.2 Retrievable range of snow depth 

Global sensitivity analysis offers a framework for identifying the snow parameters that most strongly influence TB and 

characterising how their interactions shape that influence. However, a critical remaining question is whether parameters 

exhibiting high sensitivity in specific channels can be retrieved robustly. Equally important is to quantify how parameter 

coupling impacts retrieval performance. This section builds on uncertainty propagation theory and introduces a new metric, 405 

the retrievable range, to define the parameter space where a given quantity can be reliably retrieved under varying background 

conditions.  

In recent years, a wide range of snow depth retrieval algorithms have been developed using different passive microwave 

channels and modelling assumptions (Markus and Cavalieri, 1998; Rostosky et al., 2018; He et al., 2024). However, retrieval 

ambiguity remains because other factors, like snow grain radius and the radiometric contribution from the underlying sea ice, 410 

also exert strong impacts on TBs. In this section, we focus on three snow physical parameters that exhibit the strongest coupling 

effects in our sensitivity analysis (Fig. 3) — snow depth, density and grain radius, and evaluate the retrievable range of snow 
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depth based on single V-pol TBs and a suite of GRs. The evaluation is conducted across a range of snow microstructural states 

and underlying sea ice conditions. 

4.2.1 Retrievable range with TBs 415 

Fig.6 illustrates the corresponding retrievable range of snow depth diagnosed using the averaging kernel analysis. The columns 

correspond to different AMSR2 channels. The top row shows the TB response as a function of snow depth and density, with 

stacked layers representing different snow grain radius values. The second row adopts the same depth–density coordinate 

system and the same set of grain radius layers, but with colours depicting the diagonal averaging kernel element 𝐴𝑖𝑖 associated 

with snow depth. The bottom rows convert these averaging kernel diagnostics into a retrievable range for discrete grain radius 420 

values. The dark red regions indicate the retrievable range, defined as the projection onto the X–Y plane of the corresponding 

layers where the 𝐴𝑖𝑖 exceeds 0.5 (See Sect. 2.3).  

The variation of TBs with snow parameters clearly increases with frequency (Fig. 6). At 6 and 10 GHz, the TB surfaces 

are nearly flat over a wide range of snow depth and density, and different grain radius layers are tightly clustered. Moving to 

18, 23, and 36 GHz, the TB dependence on snow depth and density becomes progressively stronger, and the separation among 425 

grain radius layers increases. For frequencies up to 36 GHz the TB response shows no clear saturation within the tested snow 

depth range. In contrast, at 89 GHz the TB rapidly saturates and approaches an asymptote for sufficiently thick snow, indicating 

that the measured TB is dominated by the upper layer and further increases in snow depth produce only negligible changes in 

the signal. 

The retrievable range of snow depth shows a clear frequency dependence, expanding toward smaller grain radius as the 430 

frequency increases. Between 6 and 18 GHz, snow depth retrievability remains limited and is primarily confined to cases with 

large grain radius. At those frequencies, only sufficiently large grains produce enough scattering contrast for snow depth to be 

independently retrieved. At 23 GHz, the retrievable range for snow depth emerges across all grain radius cases but remains 

strongly constrained by snow density. In particular, retrievability is limited to low density snow for fine grain, whereas such a 

combination of fine grains with low density is uncommon in natural snow. The retrievable range analysis indicates that 435 

channels from 6 to 36 GHz are generally unable to robustly retrieve snow depth under the high density and fine grain radius 

condition. Even at 36 GHz, when the grain radius = 0.1mm, the retrievable range may cover roughly snow density of 200 - 

320 kg m-3, which still falls short of the density levels frequently observed in fresh snow. Field observations suggest that fresh 

snow density commonly exceeds 300 kg m-3 and can approach 500 kg m-3 under wind packing (Domine et al., 2011). On the 

other hand, large grains typically emerge through strong metamorphism and are commonly associated with relatively low 440 

density (Domine et al., 2007; Schleef et al., 2014). Consequently, even though the 6 GHz retrievable range at 0.5 mm radius 

may only span a narrow density range, it can still contribute meaningful snow depth information for realistic metamorphosed 

and coarse-grained snowpack. 89 GHz V-pol is less constrained by snow density than other channels, especially when the 

grain radius is 0.1 mm, the retrievable range of snow depth covers the full density range. For fine-grained and high-density 

snow (e.g., wind slab layer), the 89 GHz V-pol TB is largely depth-dominated. However, 89 GHz is the only channel that 445 
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saturates with snow depth. When the grain radius is 0.1 mm, the retrievable range of snow depth becomes saturated at around 

0.7 m. As the grain radius increases, the retrievable range of snow depth progressively shrinks. The 89 GHz TBs are also 

susceptible to atmospheric effects (e.g., water vapour and cloud liquid water), which can introduce additional uncertainty into 

snow depth retrievals. Employing an atmospheric radiative transfer model for atmospheric correction is therefore an effective 

way to mitigate these impacts (Ye et al., 2025). In the Supplementary Materials, we correct AMSR2 TBs for atmospheric 450 

effects and find that the corrected 89 GHz channels are well suited for snow depth retrieval—particularly for fresh snow.  

Between 6 and18 GHz, the TB sensitivity to grain radius is strongly density dependent. As snow density decreases, the 

TB contrast among different grain radius layers (First rows in Fig. 6) becomes more distinct, indicating that scattering 

differences induced by grain radius changes are more efficiently expressed in TB. This behaviour points to a strong coupling 

between grain radius and snow density at low frequencies. However, this coupling effect weakens markedly at 36 and 89 GHz. 455 

In particular, at 89 GHz the separation among different grain radius layers (Fig. 6f) is largely insensitive to changes in snow 

density, implying that the influence of grain radius on TB is both pronounced and effectively independent of density. For low 

frequency channels, the radiometric impact of grain radius becomes evident mainly under low density and thick snow 

conditions and remains strongly correlated with density. Consequently, retrievals rely on 6 - 23 GHz, can often achieve 

reasonable performance by accounting for snow density while neglecting grain radius, with only limited residual bias 460 

attributable to microstructure. In contrast, at 36 and 89 GHz the effect of grain radius is largely decoupled from density and 

remains significant across the explored density range. Under such usage, incorporating density alone does not resolve 

microstructural ambiguity, and neglecting grain radius can therefore introduce substantial biases in snow depth retrieval. 
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Figure 6: Retrievability of snow depth at 6 - 89 GHz V-pol channels. Top row: TB as a function of snow depth and density for 465 
different snow grain radius. Second row: corresponding diagonal averaging kernel element 𝑨𝒊𝒊  for snow depth. Bottom rows: 

retrievable ranges for discrete snow grain radius, defined as the projection onto the X–Y plane of the corresponding radius layers 

where the 𝑨𝒊𝒊 exceeds 0.5. 

4.2.2 Retrievable range with GRs 

Retrieving snow depth over sea ice surface from passive microwave observations is primarily based on GRs, most commonly 470 

the GR algorithms using 36 and 18 GHz (GR(36/18)) (Markus and Cavalieri, 1998) as well as 18 and 6 GHz (GR(18/6)) 

(Rostosky et al., 2018). As shown in Fig. 7, we evaluate the sensitivity of these two GRs to snow grain radius and density, and 

quantify the corresponding retrievable range for snow depth. 

GR(36/18) is markedly more sensitive to fine-grained snow than GR(18/6). However, the GR(36/18) response tends to 

saturate near 0.5 m, implying a rapidly diminishing sensitivity and thus limited capability to discriminate thicker snow beyond 475 
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this range. In contrast, at a grain radius of 0.5 mm, the GR(18/6) retrievable snow depth range extends to 0 - 1 m, suggesting 

an advantage in coarser-grained snow. This aligns well with the fact that the GR(18/6) algorithm was originally developed 

using the Operation IceBridge observations, with the underlying relationship primarily constrained by the Arctic ground-truth 

data collected in March and April (Rostosky et al., 2018). During late winter to early spring, Arctic snow often undergoes 

pronounced metamorphism, with increasing grain radius and the development of a low-density, thick depth-hoar layer in many 480 

regions (Sturm and Benson, 1997). These conditions could enhance the influence of deeper snow layers on the lower frequency 

channels, making GR(18/6) comparatively more sensitive to snow depth than GR(36/18) under depth hoar dominated 

conditions. 

GR(18/6) shows sensitivity to snow density and grain radius that is comparable to the behaviour observed for the 18 GHz 

V-pol channel. By contrast, GR(36/18) exhibits a markedly different sensitivity pattern to both snow density and grain radius 485 

relative to either the 36 GHz or 18 GHz channels. In particular, the difference in GR(36/18) between layers with grain radius 

of 0.1 mm and 0.3 mm is large, whereas the difference between 0.3 mm and 0.5 mm layers is minimal. This indicates a 

saturation of GR(36/18) with respect to grain radius. Furthermore, under low snow density conditions, GR(36/18) appears 

largely insensitive to further increases in grain radius. This implies that for snowpack characterised by relatively large grain 

sizes and low densities, where depth hoar is the dominant snow type, GR(36/18) is not strongly affected by variations in snow 490 

grain radius. This behaviour contrasts with that of GR(18/6), which exhibits a substantially higher sensitivity to grain radius 

than GR(36/18). 

These results highlight the distinct application regimes of different GR algorithms and their varying susceptibility to 

interference from snow microstructure. Constrained by the penetration depth of the 36 GHz channel, GR(36/18) is only suitable 

for retrieving snow depth within approximately 0 - 0.5 m, as demonstrated in previous studies (Markus and Cavalieri, 1998). 495 

In contrast, GR(18/6) extends the snow depth retrievable range up to 1 m under large grain snow conditions. 

In addition, we investigate four alternative GR combinations: GR(36/10), GR(36/6), GR(23/10), and GR(23/6). First, 

replacing the 18 GHz channel in GR(36/18) with 10 or 6 GHz exploits the deeper penetration and weaker scattering extinction 

at lower frequencies, which can delay saturation under thicker snow and thereby potentially expand the retrievable range of 

snow depth. Second, the use of the 23 GHz channel instead of 18 GHz in combination with lower frequency channels may be 500 

advantageous for snow characterised by intermediate grain radius. The retrievable ranges of snow depth using the four 

alternative GR combinations are shown in Fig. 8. 

Overall, combining 36 GHz with lower frequencies expands the retrievable range relative to GR(36/18). Both GR(36/10) 

and GR(36/6) yield retrievable ranges encompassing snow depths of 0 - 0.6 m. This suggests that substituting 18 GHz with 10 

or 6 GHz increases penetration contrast while retaining the scattering sensitivity of the high frequency. The difference between 505 

GR(36/6) and GR(36/10) is modest. Across the examined grain radius, their retrievable ranges are similar. This indicates that 

the dominant limitation is not the low frequency penetration, but rather the tendency of the 36 GHz–based GR to approach 

saturation as snow depth increases. Although the single-channel analysis shows that 36 GHz TBs remain sensitive for snow 

depth of 0 - 1 m (Fig. 6), saturation occurs when integrated into a GR. This is because the GR retrievability is governed by the 
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incremental depth information available after combining channels. As snow depth increases, slope of the 36 GHz TB relative 510 

to snow depth decreases. This has a strong impact on the 36 GHz-based GRs, causing the GR slope to collapse even when the 

36 GHz TB is still slowly changing. Consequently, the remaining GR variations are readily masked by microphysical 

uncertainties and measurement noise, leading to apparent saturation in GR-based snow depth retrieval. 

 

Figure 7: Retrievability of snow depth with GR(18/6) (a-d) and GR(36/18) (e-h) on different snow density and grain radius (Snow 515 
temperature = 260 K, Stickiness = 0.1). 

 

For intermediate snow grain radius (0.3 - 0.5 mm), GR(23/6) exhibits a broader retrievable range for snow depth than 

GR(18/6). This enhanced sensitivity corresponds to a more extensive retrievable domain, with GR(23/6) supporting snow 
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depth retrievals up to approximately 1 m. Moreover, GR(23/6) provides an expanded retrievable range relative to GR(23/10). 520 

This contrasts with the 36 GHz scenarios, where the performance of GR(36/6) and GR(36/10) is nearly indistinguishable. Such 

discrepancies suggest that selection of the high frequency anchor in GRs fundamentally dictates the total information content 

available for snow depth retrieval.  

When a high-frequency channel (e.g., 36 GHz) is used as the anchor, the retrievable snow depth range is limited. In 

contrast, this depth limitation is less severe for a 23 GHz anchor. In the coarse grain regime (e.g., grain radius of 0.3 - 0.5 mm), 525 

the 23 GHz response remains informative at greater snow depth, allowing GR(23/6) in particular to retain measurable 

sensitivity up to 1 m. The primary trade-off occurs for fine-grained snow, especially within the 0.1 - 0.3 mm radius range. In 

this regime, 23 GHz-based GRs lose sufficient sensitivity, resulting in a limited retrievable range.  In early winter, newly 

formed snow is typically fine-grained. The strong high-frequency scattering contrast associated with the 36 GHz anchor is 

advantageous for achieving usable sensitivity in thin snowpack. Therefore, GR(36/10) or GR(36/6) is expected to be more 530 

suitable for early-winter conditions. As the season progresses toward late winter and spring, snow metamorphism increases 

the effective grain radius and stratigraphic complexity. Under such conditions, the 23 GHz anchor becomes more favorable. 

GR(23/10) and GR(23/6) can extend the retrievability into thick snow regime, which is not achievable with the 36 GHz anchor. 

Hence, for snow in late winter or spring, incorporating the 23 GHz channel in combination with lower frequencies may achieve 

robust snow depth retrieval. Furthermore, experiments that explicitly account for atmospheric effects indicate that despite 23 535 

GHz being situated on the water vapor absorption line, GR(23/6) remains insensitive to atmospheric perturbations (See 

supplementary material). 

4.2.3 Retrievable range over different ice types 

Snow depth retrieval performance often exhibits a strong dependence on whether the snowpack overlies FYI or MYI. This 

relationship is critical because FYI and MYI differ significantly in their electromagnetic properties, which modulates the 540 

sensitivity of measured TB to snow parameters relative to the underlying ice substrate. We evaluate the sensitivities of various 

GRs commonly used for snow depth retrieval to both MYIF and snow grain radius and subsequently quantify the corresponding 

retrievable ranges. The specific microphysical parameter settings adopted for FYI and MYI are detailed in Sect. 3.4. For mixed 

ice type conditions, the total microwave emission is computed by linearly weighting the separate TB simulations for FYI and 

MYI based on the MYIF. 545 
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Figure 8: Retrievability of snow depth with GR(36/10), GR(36/6), GR(23/10) and GR(23/6) on different snow density and grain 

radius (Snow temperature = 260 K, Stickiness = 0.1). 

Fig. 9 presents the joint sensitivity and the corresponding retrievable range of different GRs to snow depth under different 

MYIF. A consistent feature across GR(36/18) and GR(36/6) is that the retrievable range for snow depth decreases 550 

systematically with increasing MYIF. This degradation is most pronounced under fine-grained snow conditions, where the GR 

signal is already weak and therefore more vulnerable to confounding changes driven by the underlying ice state. For example, 

in GR(36/18) at radius = 0.3 mm, increasing MYIF from 0% to 100% reduces the snow depth retrievable range from 

approximately 0 - 0.5 m to 0 - 0.3 m. Replacing the 18 GHz with lower frequencies partially mitigates this limitation. At radius 

= 0.2 mm, GR(36/6) yields a modest expansion of retrievable snow depth relative to GR(36/18). More importantly, for coarse-555 

grained snow, the use of 6 GHz enlarges the retrievable range of snow depth. This indicates that, over MYI surfaces, using a 

lower-frequency companion channel can partly compensate for the MYIF-induced loss of retrievable range observed in 
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GR(36/18). An additional notable behaviour emerges in GR(36/6): as MYIF increases, GR(36/6) becomes positive over parts 

of the parameter space in our simulation, indicating a reversal of the inter-frequency TB contrast. This implies that MYI can 

dominate the GR signal and outweigh the snow depth contribution. Such a regime is problematic for snow depth retrieval 560 

because GR is no longer primarily controlled by snow depth, when GR becomes strongly conditioned on ice type and other 

confounding factors. 

Compared to GR(36/6), both GR(18/6) and GR(23/6) exhibit more positive values. The expanded positive GR domain 

indicates a strong susceptibility to the underlying ice state. For GR(18/6), the snow depth retrievable range exhibits a hump 

shaped pattern and reduced retrievability toward both shallow and deep extremes. In contrast, GR(23/6) substantially expands 565 

the retrievable range at high MYIF compared with GR(18/6). These results suggest that replacing 18 GHz with 23 GHz 

enhances the snow scattering contrast while preserving sufficient penetration depth to maintain snow depth sensitivity, thereby 

improving the response to snow depth when underlying ice properties strongly influence the radiometric signal.  
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 570 

Figure 9: Retrievability of snow depth with GR(36/18), GR(36/6), GR(18/6) and GR(23/6) on different MYIF and grain radius. Top 

row: GR as a function of snow depth and MYIF for different snow grain radius (with fixed snow density of 260 kg m-3). Second row: 

retrievable ranges for discrete snow grain radius, defined as the projection onto the Depth–MYIF plane of the corresponding radius 

layers where the 𝑨𝒊𝒊 exceeds 0.5. 

5 Conclusions 575 

By employing the EFAST global sensitivity analysis and the SMRT model, we quantitatively assessed the impacts of individual 

snow and ice physical parameters and their inter-parameter coupling on passive microwave observations. Our results 

demonstrate that the variability of TBs above 18 GHz is driven primarily by non-linear interactions among snow parameters 

rather than by isolated single-parameter effects. Based on the sensitivity analysis, we formulated the retrievable range of snow 
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depth over sea ice under multi-dimensional regimes, providing a quantitative metric for assessing where passive microwave 580 

data offer effective information for snow depth retrieval. 

For dry snow conditions, snow density and grain radius dominate the sensitivity at low-frequency and high-frequency 

channels, respectively. Snow depth begins to exhibit measurable sensitivity from 18 GHz onward; however, such sensitivity 

is heavily modulated by snow density and grain radius (Fig. 3). This indicates that snow depth sensitivity is not independent 

but varies substantially with changes in snow microstructure. Under wet snow conditions, the presence of liquid water 585 

fundamentally restructures the sensitivity ranking and the coupling effects. The TSI of LWC becomes comparable to or larger 

than that of snow density or grain radius. Furthermore, the enhanced absorption associated with liquid water strongly 

suppresses the sensitivity of snow depth and grain radius, particularly in horizontally polarized channels.  

For multi-layer dry snow stratified into wind slab, depth hoar, and basal snow ice, the sensitivity patterns are polarization-

dependent (Fig. 4). The H-pol channels are primarily sensitive to snow density, with generally weak inter-parameter coupling. 590 

In contrast, the V-pol channels exhibit strong layer-dependent sensitivity and pronounced coupling. Between 6 and 18 GHz 

V-pol, the TB variability is mainly controlled by the snow ice temperature and BVF. As the frequency increases, this snow ice 

dominance progressively weakens, while the contribution from the depth hoar layer strengthens, and inter-layer coupling 

between depth hoar and snow ice becomes increasingly significant. The 89 GHz TB is most sensitive to the wind slab layer, 

while retaining a non-negligible influence from the depth hoar. For the wet snow with basal superimposed ice, the TSI of the 595 

superimposed ice layer is almost entirely explained by coupling effects, with its SSI being close to zero. This implies that 

superimposed ice does not independently contaminate snow depth retrieval, and its detectability is conditional on the snow 

state. 

Using the retrievable range analysis, we quantitatively assessed how the coupling among snow density, grain radius, and 

snow depth constrains practical retrievability of snow depth. Snow depth retrieval is jointly limited by grain radius and snow 600 

density, a limitation most pronounced at low-frequency channels (Figs.7 and 8). None of the 6 - 36 GHz channels can 

effectively retrieve snow depth for fresh snow with very fine grains (radius = 0.1 mm). In contrast, the 89 GHz channel can 

retrieve snow depth across all grain radius states, although it exhibits a clear saturation when snow depth approaches 0.6 m. 

Moreover, this saturation threshold decreases as the grain radius increases. For coarse snow grains (radius = 0.5 mm), the 

retrievable range of snow depth shrinks to 0.3 m at 89 GHz. 605 

We evaluated the retrievable range of snow depth from GR(18/6) and GR(36/18) to assess their applicability. GR(36/18) 

is better suited for fine-grained snow, whereas GR(18/6) exhibits a broader retrievable range for coarse-grained snowpacks 

that have undergone substantial metamorphism (Fig. 7). Building on this, we evaluated additional GR configurations and found 

that pairing 36 GHz with lower frequencies (6 or 10 GHz) can extend the effective retrievable range from 0.5 m to 0.6 m (Fig. 

8). For GR(18/6), replacing 18 GHz with 23 GHz provides a significant improvement, expanding the applicable grain radius 610 

domain from 0.4 - 0.5 mm down to 0.3 - 0.5 mm while maintaining effective retrievability for snow depths up to approximately 

1 m. These results underscore a key limitation of GR-based algorithms: incorporating density alone does not resolve 

microstructural ambiguity, and neglecting grain radius can consequently introduce substantial biases into snow depth estimates.  
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For GR-based algorithms, sea ice type critically influences snow depth retrievability (Fig. 9). As MYIF increases, the 

retrievable range of snow depth shrinks, and this degradation is more severe for fine-grained snow. Despite this general loss 615 

of information, GR(36/6) may be advantageous. Even for snow over pure MYI, it can still retrieve snow depths up to 0.4 m 

for moderate grains (radius = 0.3 mm). In contrast, GR algorithms utilizing 18 GHz or 23 GHz TBs are highly vulnerable over 

MYI surfaces, providing little to no effective snow depth retrievability for snow with grain radius below 0.5 mm. This 

highlights the necessity of employing either explicit ice type constraints or channel strategies less susceptible to MYI 

interference. 620 

To conclude, our results provide practical guidance for passive microwave-based snow depth retrieval. A fusion of 

complementary GR algorithms could improve snow depth retrievals across different snow and sea ice regimes. Ancillary 

information such as sea ice type, snowfall, and wind speed could be incorporated to prescribe snow and ice conditions (e.g. 

snow microstructure and layering configuration). This information could facilitate conditional strategies for fusing GRs, 

consequently enhancing snow depth retrievals. In addition, multi-parameter integrated retrieval (e.g. Scarlat et al., 2017), which 625 

simultaneously optimizes snow depth along with other snow-ice physical parameters, provides a physically consistent method 

for parameter estimation. By explicitly representing coupled parameters, integrated retrieval can suppress error propagation 

from mis-specified density and microstructure into snow depth, thereby improving transferability across seasonal transitions 

and mixed ice type conditions.  

Code and data availability 630 

The MOSAiC snow measurements used in this study can be found in: https://doi.pangaea.de/10.1594/PANGAEA.935934, 

https://doi.pangaea.de/10.1594/PANGAEA.952794 (for snow density and snow grain radius), 

https://doi.pangaea.de/10.1594/PANGAEA.940200 (for snow temperature), 

https://doi.pangaea.de/10.1594/PANGAEA.946807 (for snow salinity). 

The MOSAiC ice core measurements used in this study can be found in https://doi.pangaea.de/10.1594/PANGAEA.971385 635 

and https://doi.pangaea.de/10.1594/PANGAEA.974764. 

Both the SMRT model and the EFAST implementation used in this study are open-source Python libraries. The source code 

of the SMRT model is available at https://github.com/smrt-model/smrt, and the EFAST implementation is available at 

https://github.com/SALib/SALib.  
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