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Abstract. The stability of Antarctic ice shelves is closely linked to the properties of the firn layer, which regulates meltwater

retention and influences ice shelf vulnerability to hydrofracturing. Firn Densification Models (FDMs) provide valuable insights

into the firn structure, but key properties such as grain size are often parameterized using simple approximations, leading to

significant uncertainties, especially in regions lacking in-situ validation. Here, we infer an effective firn grain-size parameter

across Antarctic ice shelves, constrained by 15 years (2007–2021) of active microwave observations from the C-band Advanced5

Scatterometer (ASCAT). Within this framework, we use the Institute for Marine and Atmospheric Research Utrecht Firn

Densification Model (IMAU-FDM) to prescribe the state of the firn layer (layer thickness, density, temperature, and liquid

water content) and couple it with the Snow Microwave Radiative Transfer (SMRT) model to simulate radar backscatter. Grain

size is treated as an unknown microstructural parameter and is optimized by minimizing the misfit between FDM–SMRT

simulations and ASCAT observations. The retrieved parameter provides an observationally constrained measure of effective10

firn microstructure within the adopted FDM–SMRT framework, although independent validation is required before interpreting

it as an absolute physical grain-size measurement. The framework is further used to examine how the sensitivity of ASCAT

backscatter varies across firn regimes, and how this influences the interpretation of backscatter in terms of firn air content

(FAC; the vertically integrated pore-air content of the firn column). Our results show broad consistency between the optimized

effective grain size and IMAU-FDM estimates in high-FAC regions, where ASCAT backscatter is most sensitive to interannual15

variability in grain size. In contrast, larger discrepancies emerge in intermediate- to low-FAC regions, particularly on the Amery

Ice Shelf, where ice saturation in the firn (pore-space depletion) influences grain growth. The sensitivity experiments indicate

that inversion constraints are regime-dependent, with the strongest sensitivity to grain size in intermediate firn regimes and

weaker constraints in strongly depleted firn. Furthermore, by statistically reducing grain-size-driven scatter after inversion,

we present a proof of concept for a more interpretable backscatter–FAC relationship, which may support future development20

and evaluation of FAC-oriented diagnostic retrieval frameworks. These findings provide a basis for improving firn model

parameterization and supporting large-scale diagnostic monitoring of firn-state variability across Antarctic ice shelves in a

warming climate.
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1 Introduction

Assessing firn properties is crucial for understanding the stability of Antarctic ice shelves, as firn regulates meltwater reten-25

tion and influences their susceptibility to hydrofracturing (Kuipers Munneke et al., 2014). With climate warming intensifying

surface melting, tracking firn evolution is essential for predicting the long-term stability of Antarctic ice shelves (Veldhuijsen

et al., 2024). Key firn properties, such as grain size and Firn Air Content (FAC; the vertically integrated pore-air content of

the firn column), provide critical insights into firn microstructure and permeability, influencing its ability to store and refreeze

meltwater (Kuipers Munneke et al., 2014; Picard et al., 2022b; Amory et al., 2024). In high-FAC firn, fresh snowfall maintains30

permeability, allowing meltwater to percolate and either refreeze within the firn or be stored internally (Kuipers Munneke et al.,

2014). However, sustained melt and densification can deplete pore space, leading to ice-saturated firn conditions in which infil-

tration is strongly limited, promoting the formation of surface melt ponds that increase the risk of hydrofracturing and ice-shelf

destabilization (Scambos et al., 2000).

Spatio-temporal variations in firn properties, specifically grain size and FAC, can be assessed using Firn Densification35

Models (FDMs) (Veldhuijsen et al., 2024; Medley et al., 2022), field-based methods (Clerx et al., 2022; Xu et al., 2023), and, to

some extent, satellite observations (Alley et al., 2018; Scambos et al., 2003). FDMs provide a powerful means to simulate firn

structure at high vertical and temporal resolution (Veldhuijsen et al., 2024), enabling reconstructions of FAC evolution over the

contemporary Antarctic climate (Veldhuijsen et al., 2024; Medley et al., 2022). However, a critical limitation of FDMs is their

simplistic treatment of grain size evolution, which is often parameterized with minimal observational constraints (Veldhuijsen40

et al., 2024). Although FDMs incorporate firn densification physics, they rely on assumed relationships between grain size and

environmental conditions, which are poorly validated in regions with substantial melt-refreezing processes. This gap in model

representation limits our ability to assess firn permeability, meltwater retention, and ice shelf vulnerability.

Satellite remote sensing provides a valuable opportunity to assess firn properties at large spatial scales, particularly using

microwave observations that penetrate the snowpack and respond to variations in microstructure and therefore also grain size45

and FAC (Alley et al., 2018; Picard et al., 2022b). Active microwave backscatter from the C-band Advanced Scatterometer

(ASCAT) is especially sensitive to firn microstructure and can be leveraged to improve grain size parameterization in FDMs.

Previous studies (Alley et al., 2018) have explored ASCAT backscatter as a proxy for hydrofracture potential by examining

the relationship between scattering properties and surface mass balance (SMB) components, such as melt season duration and

accumulation, to assess firn saturation. Alternatively, Dattler et al. (2024) demonstrated an end-to-end, physics-based workflow50

from passive microwave observations, snow microwave radiative transfer model (SMRT), and firn modeling, to detect melt in

Antarctica, illustrating how SMRT can link microwave signals to firn state. Yet, the potential to directly constrain firn properties

in densification models remains largely unexplored. Because grain size modulates the C-band backscatter, variations in grain

size can obscure the backscatter–FAC relationship. Any backscatter-based FAC retrieval must therefore first account for grain-

size variability.55

Building on these earlier studies, we leverage 15 years (2007–2021) of ASCAT backscatter data to constrain an effective firn

grain-size parameter across Antarctic ice shelves. By coupling IMAU-FDM with the SMRT model (referred to as FDM-SMRT
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coupling hereafter), we simulate radar backscatter and iteratively refine grain size estimates to minimize discrepancies with

ASCAT observations. Beyond constraining grain size, this framework also allows us to examine how the sensitivity of ASCAT

backscatter shifts across firn regimes and to evaluate how grain-size variability affects the interpretation of backscatter in terms60

of FAC. Specifically, we: i) assess the interannual variability of grain size and FAC and their respective relationships with

ASCAT backscatter; ii) identify systematic discrepancies between IMAU-FDM grain-size estimates and ASCAT-conditioned

optimized values, particularly in regions influenced by melt-refreezing processes; and iii) derive a more interpretable backscat-

ter–FAC relationship by statistically reducing grain-size-driven scatter, as a proof of concept for FAC-oriented interpretation

of ASCAT that informs future development of FAC-oriented diagnostic retrieval approaches. Throughout this study, the re-65

trieved grain size is interpreted as an effective parameter conditioned by ASCAT observations within the adopted FDM–SMRT

framework. The remainder of this paper is structured as follows: Section 2 describes the datasets used, including the ASCAT

backscatter and IMAU-FDM simulations. Section 3 outlines the methodology, detailing the FDM-SMRT coupling framework,

the sensitivity experiments, and the grain size optimization approach. Section 4 presents the results, comparing optimized and

modeled grain size, evaluating the relationship between FAC and ASCAT backscatter, and analyzing the spatial distribution of70

firn properties across Antarctic ice shelves. Finally, Section 5 discusses the implications of our findings for firn modeling and

ice shelf stability assessment.

2 Data

To assess firn properties across Antarctic ice shelves, we use a combination of active microwave satellite observations, firn

model outputs, and optical remote sensing data for validation. Below, we describe each dataset, its relevance to this study, and75

the pre-processing steps applied.

2.1 C-band ASCAT Observations

The C-band Advanced Scatterometer (ASCAT) provides active microwave backscatter measurements that are highly sensitive

to the firn microstructure, making it a valuable tool for assessing spatio-temporal variations in firn properties. ASCAT can

penetrate several meters into the firn, allowing it to capture changes in grain size and FAC across ice shelves. For this study,80

we use vertically polarized data at a frequency of 5.255 GHz, obtained from the Brigham Young University Microwave Earth

Remote Sensing Laboratory (Long et al., 1993). The data is expressed in the point-slope form, where the normalized radar

cross section (σ0, in dB space) measurement made by ASCAT is approximately a linear function of the incidence angle (θi)

σ0(θi) =A+B(θi − θref ) (1)

where, θref is reference angle (i.e. a mid-swath value of 40◦ for ASCAT), A measured in dB is the value of σ0 normalized85

at 40◦ incidence angle, and B measured in dB/◦ describes the dependence of σ0 on θi. The azimuth dependence of σ0 is

discarded in this dataset as the σ0 values are largely azimuth-independent over most of the regions of the Earth (Long et al.,
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1993). As per equation 1, we use the A parameter for our analysis because after removing the incidence angle dependence, A

is sensitive to depth-weighted near surface (i.e. ≈ upper 20 m) snow grain size (Fraser et al., 2016).

The original data have a resolution of 4.45 km, but are resampled to 27 km using a Nearest-Neighbor method to match the90

spatial resolution of IMAU-FDM. This resampling preserves the original backscatter signal without introducing interpolation

artifacts. To minimize the direct influence of active melt, transient liquid water, and short-lived seasonal effects on the ASCAT

signal, we focus on winter (June, July, and August, or JJA) mean backscatter values for each year between 2007 and 2021. The

annual JJA means are calculated from the original ASCAT observations in dB space. This choice is intended to isolate a more

stable interannual signal related to firn microstructure, yielding 15 values per pixel for temporal analysis. Pixels of Antarctic95

ice shelves that experienced major calving (i.e., where Greene et al. (2022)’s annual calving-front outline indicates a retreat or

advance crossing the 27 km grid cell boundary in any year) were excluded from all years of analysis.

2.2 Model Data

The IMAU Firn Densification Model (IMAU-FDM) is a semi-empirical 1D model that simulates the vertical evolution of firn

layers under the influence of surface mass balance (SMB) processes (Veldhuijsen et al., 2024). It provides high-resolution100

estimates of key firn properties, including density, temperature, FAC, and grain size, making it a widely used tool for Antarctic

firn studies. However, grain size evolution in IMAU-FDM is parameterized with simplified assumptions that do not explicitly

account for refreezing-driven grain growth, leading to potential discrepancies in melt-affected regions (Veldhuijsen et al.,

2024). This limitation motivates the need for ASCAT-based optimization in our study.

We use IMAU-FDM v1.2AD, which explicitly models grain growth as a function of temperature but does not incorporate105

direct observational constraints (Veldhuijsen et al., 2024). The model is forced with three-hourly fields of surface temperature,

wind speed, snowfall, sublimation, snowdrift erosion, and melt from RACMO2.3p2 regional climate model outputs, driven

by ERA5 reanalysis (van Wessem et al., 2018). The horizontal resolution of 27 km is set by RACMO2.3p2’s grid spacing.

IMAU-FDM output is available at a 10-day temporal resolution and a 4 cm vertical resolution.

To drive our coupled FDM–SMRT backscatter simulations at the same temporal spacing, we extract the required IMAU-110

FDM firn profiles at 10-day intervals. SMRT then uses the prescribed layer thickness, density, temperature, and liquid water

content, together with the microstructural parameter, specified for the corresponding experiment, to produce synthetic backscat-

ter intensity time series (see Sec. 3.2). From these simulations, we calculate annual JJA means in dB space for 2007-2021,

consistent with the temporal aggregation applied to the ASCAT observations. This results in 15 FDM-SMRT winter-mean

backscatter values per pixel for comparison with ASCAT.115

In addition, we derive Melt-over-Accumulation (MoA) from RACMO2.3p2 data as an independent metric of firn melt

intensity. MoA is defined as the ratio of total liquid water production (melt + rainfall) to snow accumulation (snowfall –

sublimation) (van Wessem et al., 2018, 2023) over the study period (2007–2021). This MoA parameter helps distinguish regions

where firn depletion is driven by sustained meltwater production, providing insight into areas where ASCAT backscatter and

FAC may be strongly affected by refreezing processes.120
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2.3 Sentinel-2 Melt Pond Volume

To assess the relationship between firn saturation and microwave backscatter, we use melt pond volume estimates derived from

Sentinel-2 optical imagery. Melt pond formation serves as a sensitive indicator of firn depletion and ice-shelf weakening, since

refreezing of ponded water creates impermeable ice lenses that promote hydrofracture (van Wessem et al., 2023). This dataset

therefore provides an independent contextual indicator of firn depletion for comparison with the ASCAT-based assessment.125

The melt pond dataset includes austral summer (December–February) estimates from 2015 to 2022. Sentinel-2 imagery is

processed using an automated water classification algorithm (Moussavi et al., 2020), which identifies liquid water features

based on spectral reflectance characteristics (van Wessem et al., 2023). To facilitate comparison with IMAU-FDM and ASCAT

data, we aggregate melt pond volumes onto the RACMO2.3p2 grid.

3 Methods130

This section describes the methodology used to retrieve ASCAT-conditioned effective firn grain size estimates by integrating

IMAU-FDM outputs with ASCAT backscatter via the Snow Microwave Radiative Transfer (SMRT) model. Throughout the

workflow, firn stratigraphy is prescribed from IMAU-FDM, including layer thickness, density, temperature, and liquid water

content. Within this prescribed framework, the inversion estimates one annual, column-wide correlation length representative of

the upper firn column sampled by ASCAT, which is subsequently converted to an effective grain-size parameter. The retrieved135

parameter is then evaluated and interpreted through sensitivity and post-inversion diagnostic analyses.

We first establish a baseline by comparing winter-mean ASCAT backscatter (A) with IMAU-FDM FAC and grain size,

RACMO MoA, and Sentinel-2 melt-pond volume to identify depleted firn regions and motivate the subsequent analysis (Sect.

3.1). Next, we describe the FDM–SMRT coupling framework and targeted sensitivity experiments to quantify how C-band

backscatter responds to grain size across contrasting firn regimes, thereby motivating the grain-size inversion (Sect. 3.2). We140

then perform the core inversion by iteratively optimizing one annual correlation length to minimize the misfit with observed

backscatter and subsequently convert it to an effective grain-size parameter (Sect. 3.3). The sensitivity of the retrieved parameter

to selected assumptions in the prescribed firn state and forward-model configuration is then evaluated using a controlled one-

at-a-time perturbation analysis (Sect. 3.4). Finally, we apply two post-inversion diagnostic analyses: a variance-partitioning

ANOVA to examine how ASCAT variability projects onto FAC and grain size (Sect. 3.5), and grain-size standardization to145

assess how the backscatter–FAC relationship changes once grain-size-driven scatter is reduced (Sect. 3.6).

3.1 Comparison of IMAU-FDM/RACMO2 outputs with ASCAT Observations

To establish a baseline, we compare winter-mean ASCAT backscatter with IMAU-FDM FAC and grain size, and RACMO2

MoA. For each parameter, we compute the pixelwise long-term winter-mean value and generate scatterplot of ASCAT backscat-

ter versus a) FAC, b) MoA, and c) Grain Size across Antarctic ice shelves, coloring points by Sentinel-2 melt-pond volume150

to highlight cells with persistent ponding, indicative of reduced pore space and higher saturation, versus cells with little or no
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pond signal. This baseline analysis identifies regions where modeled firn properties alone fail to capture observed backscatter

variability, motivating the more detailed sensitivity and inversion experiments that follow.

3.2 Coupling IMAU-FDM to SMRT and targeted grain-size sensitivity

To evaluate how well IMAU-FDM–derived firn profiles reproduce observed radar returns and to set up our grain-size inversion,155

we couple the model outputs with the Snow Microwave Radiative Transfer (SMRT) model (Picard et al., 2018). In our config-

uration, the SMRT model represents the snowpack as a composite of multiple horizontally placed layers up to the penetration

depth of the C-band radar signal (∼ 20 m depth) and simulates the volume scattering coefficient at both horizontal and vertical

polarizations (Picard et al., 2018). Since the incident wavelength of ASCAT is 5.70 cm, we avoid using the sub-wavelength

layer thickness in SMRT (4 cm, the original layer thickness from IMAU-FDM output). Instead, we merge two layers from160

IMAU-FDM output to create 8 cm layers that are appropriate for the ASCAT signal. For this, we use the average to preserve

the bulk microstructural properties of the two sub-layers (Picard et al., 2018). Each layer is then characterized by temperature,

liquid water content, and snow microstructure. We do not prescribe a reflective basal substrate in SMRT; instead, we approxi-

mate a semi-infinite lower boundary by setting the deepest layer thickness to 1000 m, so no separate ’background’ backscatter

term is imposed (Picard et al., 2022b).165

The representation of snow microstructure is critical in the SMRT model, as it directly influences the choice of formulation

used to compute the backscatter (Picard et al., 2018). In our analysis, we represent snow microstructure using the exponential

autocorrelation model, which is characterized by a single parameter, the correlation length lc (Picard et al., 2018). The correla-

tion length is the parameter supplied directly to SMRT and has dimensions of length, characterizing the spatial autocorrelation

of the two-phase microstructure (Mätzler, 2002). Under the adopted exponential representation, it can be empirically and the-170

oretically related to specific surface area and to an equivalent microstructural size (Mätzler, 2002; Picard et al., 2022b). We

express this density-dependent relationship for each firn layer j as

reff,j =
3lc,j

4max(fi,j , fa,j)
, fi,j =

ρj
ρice

, fa,j = 1− fi,j , (2)

where reff,j is the phase-equivalent effective microstructural radius, lc,j is the correlation length, and ρj is the density of layer

j. Furthermore, ρice = 917 kgm−3 is the density of pure ice, fi,j is the ice volume fraction, and fa,j is the air volume fraction.175

When fi,j ≤ 0.5, equation 2 corresponds to an equivalent ice-grain radius. When fi,j > 0.5, we invoke the air–ice phase-

interchange symmetry of the adopted two-phase representation, and the resulting quantity is more appropriately interpreted as

an equivalent pore-scale radius.

Using this microstructural representation, each SMRT layer is specified by its thickness, density, temperature, liquid water

content, and correlation length. Layer thickness, density, temperature, and liquid water content are prescribed from the corre-180

sponding IMAU-FDM profiles, whereas the correlation length is assigned according to the sensitivity or inversion experiment

described below. We use the JJA IMAU-FDM profiles from 2007 to 2021 across Antarctic ice shelves and configure SMRT

using the ASCAT frequency of 5.255 GHz and an incidence angle of 40◦. For the electromagnetic model, we use the sym-

metrized Strong-Contrast Expansion under the non-local approximation (SymSCE) (Picard et al., 2022a). This formulation
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avoids the breakdown that can occur in other scattering theories for intermediate densities (450–550 kgm−3), particularly at185

high frequencies and for coarse-grained snow (Picard et al., 2022a). The multilayer radiative transfer equation is solved using

the discrete-ordinate method (Picard et al., 2018).

Because grain size is one of the main sources of uncertainty in IMAU-FDM’s microstructure (Veldhuijsen et al., 2024) and

exerts a strong influence on C-band backscatter (Picard et al., 2022b), we perform a targeted grain-size sensitivity experi-

ment. At the same time, ASCAT backscatter is also influenced by other aspects of firn structure, including density, layering,190

and ice saturation. However, the annual winter-mean ASCAT backscatter time series does not provide sufficient independent

information to constrain all vertically varying firn properties simultaneously. We therefore prescribe firn stratigraphy from

IMAU-FDM and restrict the analysis to a single column-wide microstructural degree of freedom: effective grain size in the

forward sensitivity experiment and correlation length in the annual inversion.

To examine the sensitivity of backscatter to grain size across contrasting firn regimes, we selected five representative 27 km195

grid cells spanning high-, intermediate-, and strongly depleted FAC conditions. The cells were selected according to three

criteria: (i) they span the range of long-term winter-mean FAC conditions observed across Antarctic ice shelves; (ii) they

contain complete ASCAT and IMAU-FDM records for 2007–2021; and (iii) they lie within the analysis ice-shelf mask and

were retained after the calving-front screening applied for 2007–2021. The selected sites comprise two high-FAC cells (> 15 m)

on the Ross and Ronne ice shelves, one intermediate-FAC cell (5–15 m) in the Baudouin blue-ice region, and two strongly200

depleted cells (< 1.5 m) on the Amery and Larsen-B ice shelves. Their coordinates and long-term mean FAC values are

listed in Table 1. These sites are used as illustrative examples of contrasting firn regimes and are not intended to constitute a

statistically representative sample of each regime.

Because the Larsen-B remnant borders the Larsen B embayment, which was frequently occupied by seasonal sea ice after

the 2002 collapse and by multi-year landfast sea ice from 2011 until January 2022 (Ochwat et al., 2024), we performed an205

additional spatial verification of this footprint. We identified the exact 27 km raster cell containing the selected coordinate from

the IMAU-FDM FAC grid and compared its 729 km2 footprint with the annual Antarctic coastlines of Greene et al. (2022)

for each year from 2007 to 2021. For every year, we calculated the fraction of the footprint within the mapped Antarctic ice

extent and its minimum distance from the coastline. The full footprint remained within the mapped ice extent in all 15 years,

with a minimum cell-edge distance of 1.6 km from the annual coastline. The selected coordinate also falls within the Larsen-B210

polygon of the ice-shelf mask, supporting its interpretation as persistent Larsen-B remnant ice rather than adjacent sea ice.

For each site, we extract the long-term (2007–2021) winter-mean IMAU-FDM firn profile, including density and tempera-

ture. We prescribe a single trial effective grain-size parameter uniformly with depth across the upper 20 m. For each trial grain

size, equation 2 is rearranged to calculate the corresponding density-dependent correlation length for every firn layer. These

layer-specific correlation lengths are then supplied to SMRT. We systematically vary the trial effective grain-size parameter215

from 0 to 10 mm in 0.5 mm increments and simulate winter-mean backscatter at each value. This experiment quantifies how the

sensitivity of simulated C-band backscatter to effective grain size varies between high-, intermediate-, and strongly depleted

FAC regimes.
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Table 1. Locations and long-term winter-mean IMAU-FDM firn air content (FAC) of the five 27 km grid cells used in the sensitivity

experiment shown in Fig. 2. Coordinates identify the selected locations used to locate the corresponding 27 km grid cells.

Site Latitude Longitude FAC [m] FAC regime

Ronne 77.26◦S 68.60◦W 19.1 High

Ross 80.50◦S 171.49◦W 15.9 High

Baudouin 70.03◦S 29.75◦E 10.8 Intermediate

Larsen-B 65.94◦S 61.97◦W 0.7 Strongly depleted

Amery 72.04◦S 70.45◦E 0.1 Strongly depleted

However, C-band backscatter is also sensitive to the firn’s saturation state described by FAC; a grain–size–only experiment

thus cannot capture variability arising from density/FAC effects. Moreover, because FAC is not a direct input to SMRT (whereas220

density is), we include a complementary 2-D sensitivity that varies both density and grain size built from an IMAU-FDM firn

column. From a single FDM profile, we take the time-mean layer thickness and temperature for the upper 20 m and hold these

fixed.

We then generate a grid of snowpacks by assigning a uniform density ρ (in the range of 10−910 kgm−3) along the column

and a uniform effective grain size r (in the range of 0.01 - 1.2 mm) to all layers. For each (ρ,r) pair, equation 2 is rearranged225

to calculate the corresponding correlation length supplied to SMRT. We then simulate the backscatter using the ASCAT sensor

configuration and display the resulting response as a contour heatmap. To link density to FAC in this controlled setting, we

translate uniform density to its equivalent 20 m FAC (depth-integrated air content) using equation 4 in Ligtenberg et al. (2014).

This design isolates how backscatter varies with grain size versus density/FAC under identical vertical geometry and thermal

state, clarifying regimes where the backscatter is microstructure-dominated versus FAC-dominated.230

3.3 Optimization of correlation length and derivation of effective grain size

Because IMAU-FDM’s grain-growth scheme is parameterized rather than directly constrained by observations (Veldhuijsen

et al., 2024), its native grain-size output may not fully represent the effective microstructure seen by ASCAT. We therefore

optimize a single, column-wide exponential correlation length for each 27 km grid cell and subsequently convert it to an

ASCAT-conditioned effective grain-size parameter.235

For each grid cell and year, we run the FDM-SMRT coupled model for all available IMAU-FDM profiles during JJA months.

The resulting simulated backscatter values are averaged in dB space to obtain one annual JJA value, following the same

temporal aggregation applied to the ASCAT observations. The annual JJA values for both the simulations and observations are

then converted from dB to linear units before evaluating the inversion objective. Because temporal averaging is performed in

logarithmic space, the converted annual value corresponds to the geometric, rather than arithmetic, mean of the individual linear240

backscatter values. We retain this formulation to ensure consistent temporal aggregation of ASCAT observations and FDM-

SMRT simulations in the dB domain. The converted simulated annual value is denoted by σ0,lin
sim (lc, t), and the exponential
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correlation length is optimized independently for each year by minimizing the squared difference between the simulated and

observed annual values in linear units:

l̂c,t = argmin
lc∈[lc,min, lc,max]

[
σ0,lin
sim (lc, t)−σ0,lin

obs (t)
]2

, t ∈ Y. (3)245

Here, Y = {2007, . . . ,2021} is the set of analysis years, and l̂c,t is the optimized correlation length for year t. The inversion

is repeated independently for every year in Y , yielding one optimized correlation length per grid cell and year.

The optimized annual correlation length is converted to the reported effective grain-size parameter using equation 2 and the

corresponding same-year JJA IMAU-FDM density profiles, averaged over the upper ∼ 20 m firn column and the available JJA

model time steps. We solve equation 3 using the bounded Limited-memory Broyden–Fletcher–Goldfarb–Shanno algorithm250

(L-BFGS-B), implemented through SciPy, because it efficiently solves the optimization problem without requiring explicit

computation of the Hessian matrix (Virtanen et al., 2020). Given the computational expense of the optimization, we used the

DelftBlue supercomputer (Delft High Performance Computing Centre , DHPC) and parallelized the calculations across 16

cores while processing approximately 2000 grid cells.

Because only one annual scalar parameter is retrieved from one annual JJA-mean ASCAT observation, the inversion cannot255

independently resolve vertical or sub-seasonal variations in firn microstructure. The reported effective grain-size parameter

should therefore be interpreted as an ASCAT-conditioned, column-integrated retrieval parameter within the adopted FDM–

SMRT framework, rather than as a direct measurement of individual physical grains or as a depth-resolved physical grain-size

profile.

By repeating the optimization for each year from 2007 to 2021, we estimate the interannual variability of the optimized ef-260

fective grain-size parameter, particularly in regions where melt and refreezing may alter firn microstructure through time. Here,

“effective” refers to the ASCAT-conditioned parameter inferred through the inversion. As part of our analysis, we examine the

spatial variability in grain size regimes across regions with different firn conditions. We further compare the optimized grain

size with the mean grain size of the upper 20 m in IMAU-FDM to evaluate how well IMAU-FDM estimates the grain size at

the Antarctic-ice-shelf-wide scale.265

Because IMAU-FDM’s grain-growth parameterization is weakly constrained under ice-saturated conditions (Veldhuijsen

et al., 2024), where refreezing dominates and pore space is exhausted, we perform a targeted sensitivity test on depleted

firn, where the largest differences between IMAU-FDM grain-size estimates and ASCAT-conditioned optimized values are

expected. Across Antarctic ice shelves, we select all the cells with FAC < 1.5 m (34 cells total), extract each cell’s ice-

saturation depth, and compute the grain-size difference (∆r = rFDM − ropt) for those cells. Here, ice saturation is a threshold270

concept: we define the ice-saturation depth as the shallowest depth at which the modeled firn density equals that of solid ice.

This differs from FAC, which is a continuous, column-integrated air-volume metric derived from the vertical density profile.

We then examine the relationship between ∆r and ice-saturation depth to diagnose how deep versus shallow ice-saturation

affects the grain size differences.
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3.4 Perturbation analysis of the effective grain-size retrieval275

The annual inversion retrieves one column-wide correlation length while density, temperature, liquid water content, and vertical

layering are prescribed from IMAU-FDM. Consequently, the resulting ASCAT-conditioned effective grain-size parameter may

depend not only on the observed backscatter, but also on uncertainties and simplifying assumptions in the prescribed firn

state and FDM-SMRT forward-model configuration. We therefore perform a controlled one-at-a-time perturbation analysis to

quantify the sensitivity of the retrieved parameter to selected prescribed model assumptions.280

For this analysis, we select a high-FAC dry-firn case to provide a comparatively simple benchmark state. Dry, porous firn

is less affected by melt-driven pore-space depletion, near-surface ice saturation, and extensive refrozen layers than strongly

depleted firn (Alley et al., 2018; Veldhuijsen et al., 2024). This reduces the number of competing firn processes that could

influence the simulated backscatter and allows the response to each imposed perturbation to be examined under a controlled

baseline configuration. The choice of a high-FAC case is therefore intended to isolate sensitivity to the prescribed model285

assumptions, rather than to represent the full range of conditions encountered across Antarctic ice shelves. We use the Ross

Ice Shelf site listed in Table 1 as the high-FAC dry-firn benchmark. The site has a long-term winter-mean FAC of 15.9 m

and contains complete ASCAT and IMAU-FDM records for 2007–2021. It therefore provides a consistent baseline profile and

observational record for applying the prescribed perturbations. The resulting sensitivities are specific to this controlled dry-firn

setting.290

We construct the baseline by averaging all available 10-day JJA IMAU-FDM profiles for the Ross site over 2007-2021,

using the same 8 cm vertical aggregation and SMRT configuration described in Sect. 3.2. The observational target is the

long-term mean of the annual JJA ASCAT backscatter in linear units and is converted to dB only for reporting. For each one-

at-a-time perturbation, the correlation length is re-optimized using the modified firn profile or backscatter target, together with

the objective function, optimization bounds, and solver described in Sect. 3.3. The resulting optimized correlation length is295

converted to an effective microstructural radius using equation 2 and the density profile of the corresponding scenario.

We apply five categories of one-at-a-time perturbation to evaluate retrieval sensitivity. First, we test sensitivity to the pre-

scribed density profile by applying a relative perturbation of ±5% to the baseline layer porosity. For each layer, porosity is

defined as nj = 1− ρj/ρice (Clerx et al., 2022; Veldhuijsen et al., 2024) and is perturbed according to n′
j = nj(1+ δ), where

δ =±0.05. The corresponding perturbed density is then calculated as ρ′j = ρice(1−n′
j). Consequently, δ =−0.05 produces a300

denser, lower-porosity profile, whereas δ =+0.05 produces a less dense, higher-porosity profile.

Second, we test sensitivity to the vertical representation of the firn column by merging adjacent 8 cm layers to form a

16 cm profile while preserving the layer-mean bulk properties. Third, we examine sensitivity to the presence and depth of an

idealized dense layer by assigning a density of 900 kgm−3 to one 8 cm layer nearest to target depths of 0.5, 1.0, and 2.5 m.

This controlled perturbation serves as an idealized analogue of a horizontally continuous ice lens within the one-dimensional305

SMRT column and isolates the influence of dense-layer depth on the retrieved parameter. Fourth, unresolved surface scattering

and roughness-related contributions are not explicitly represented in the SMRT configuration. We therefore perturb the ASCAT
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target backscatter by ±0.5 dB to provide a primary bracket for sensitivity to unresolved surface-related backscatter. Additional

offsets of ±1.0 dB are included as extended stress tests and are reported separately.

Fifth, we assess sensitivity to interannual variability in the prescribed firn state by replacing the long-term mean profile with310

the annual JJA profiles associated with the minimum and maximum vertically averaged profile temperatures in the 2007-2021

IMAU-FDM record. These occur in 2016 and 2020, with mean profile temperatures of 242.1 and 243.5 K, respectively. These

temperatures represent averages over the modeled firn profile rather than near-surface air temperature. Because the complete

annual JJA profiles are substituted, the perturbation includes concurrent interannual differences in density, temperature, liquid

water content, and their vertical distributions, rather than varying temperature alone. The two profiles therefore bracket the315

modeled interannual full-profile states available for the selected Ross site.

For each scenario, we report the optimized correlation length, the corresponding effective grain-size parameter, and their

absolute and relative changes from the baseline retrieval. We also record optimizer convergence, whether the solution reaches

either optimization bound, and the residual between the simulated and prescribed target backscatter. A scenario is considered

to reproduce its prescribed target when the absolute residual is below 0.01 dB. The perturbations are applied individually and320

define controlled sensitivity brackets rather than probabilistic uncertainty distributions. Their effects are not assumed to be

independent or additive and are therefore not combined into a total retrieval uncertainty. The analysis thus quantifies retrieval

sensitivity for the selected high-FAC Ross benchmark.

3.5 Variance partitioning of interannual ASCAT variability within the adopted framework

To examine how interannual ASCAT backscatter variability projects onto grain size and FAC within the adopted framework,325

we perform an Analysis of Variance (ANOVA) using the annual profiles of grain size and FAC (i.e., 15 values for the period

2007–2021). ANOVA is used here as a variance-partitioning tool to decompose the year-to-year variability in backscatter into

fractional contributions associated with FAC, grain size, their interaction, and a residual term (Gelman, 2005). This decomposi-

tion is statistical and assumes that the variability can be represented, to first order, by approximately additive contributions from

FAC, grain size, their interaction, and a residual term over the sampled range of interannual variability. It should therefore not330

be interpreted as implying that the underlying firn–microwave scattering physics are strictly additive. Moreover, because the

optimized grain size is inferred by fitting FDM–SMRT simulations to ASCAT observations, this analysis should be interpreted

as a conditional diagnostic within the adopted framework rather than as an independent attribution of ASCAT variability.

To assess how these fractional contributions shift across different firn saturation states, we group all 27 km cells into 50

quantile-based FAC bins (based on their long-term mean FAC). Within each bin, we compute the mean and interquartile range335

(IQR = Q75–Q25) of the ANOVA-derived fractions after optimization: the FAC main effect fFAC, the grain-size main effect

fr, the interaction term fFAC×r, and the residual fraction fresidual = 1− (fFAC + fr + fFAC×r). We use the IQR because it

robustly captures the central 50% of the bin-to-bin variability without being skewed by extreme outliers. We then normalize

both the mean and the IQR of each component by the total mean variance in that bin, yielding fractional contributions and

fractional IQRs that sum to unity. This normalization is purely statistical (a rescaling of variance fractions for comparability340

across FAC bins) and does not modify the underlying physical sensitivity of ASCAT backscatter. Finally, by plotting these
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binned statistics against the bin’s average FAC, we identify the FAC regimes in which grain size or FAC contributes more

strongly to the partitioned ASCAT variability and quantify the uncertainty (via the IQR bands) associated with these fractional

contributions.

3.6 Assessment of the backscatter–FAC relationship after grain-size standardization345

We explore a proof of concept for interpreting ASCAT backscatter in terms of FAC by standardizing grain size to reduce grain-

size-induced spread in the backscatter-FAC relationship. First, we perform the physical inversion and retrieve an optimized

grain size ropt for each grid cell and year by minimizing the mismatch between FDM-SMRT-simulated and ASCAT-observed

backscatter, given the IMAU-FDM stratigraphy (as in Sect. 3.3). We then apply a purely statistical post-processing step: using

all paired winter-mean (FAC, ropt) values across Antarctic ice shelves, we fit a smooth cross-cell central tendency rstd(FAC)350

(represented by a power law fitted by ordinary least squares as the FAC–grain size relationship is non-linear (Veldhuijsen et al.,

2024)). This fitted function assigns each FAC value a single ’standardized’ grain size rstd, which we use only after inversion.

The motivation for this standardization is that C-band backscatter is highly sensitive to microstructure (grain size). Therefore,

when examining backscatter as a function of FAC across many cells, inter-cell and interannual variations in grain size introduce

additional spread even at a fixed FAC (i.e., ’grain-size-driven scatter’). By replacing ropt with rstd(FAC), we treat grain-size355

variability as a nuisance source of scatter and obtain a more interpretable diagnostic backscatter-FAC curve that more directly

reflects the FAC sensitivity. Importantly, rstd(FAC) is not used as a prior or constraint in the inversion and is not interpreted

as a unique physical law relating FAC and grain size. Finally, we compare Astd values with FAC to evaluate the standardized

backscatter–FAC relationship, i.e., after reducing the spread caused by inter-cell and interannual grain-size deviations.

4 Results360

4.1 Comparison of ASCAT backscatter with IMAU-FDM/RACMO2 Outputs

Fig. 1 illustrates the relationship between ASCAT observations, IMAU-FDM FAC, grain size and MoA from RACMO2.3p2

across Antarctic ice shelves, alongside the S-2 integrated melt pond volume. In Fig. 1a, we observe large spatial variability

in the winter mean ASCAT backscatter for the period from 2007 to 2021, with notably distinct spatial patterns recorded in

ASCAT data (i.e. transition from low to high backscatter and vice versa) for the Amery, Ross, and Filchner-Ronne ice shelves.365

Fig. 1b reveals the characteristic inverted U-curve between winter-mean ASCAT backscatter and IMAU-FDM FAC (Alley

et al., 2018), i.e., backscatter peaks at intermediate FAC and is lower at both low and high FAC. Fig. 1c shows the same pattern

against RACMO2 MoA. In both panels, the Sentinel-2 melt pond volume is overlaid, which demonstrates a strong link with

depleted firn conditions.

In regions with high FAC (which in general indicates a low MoA), the ASCAT backscatter is low because the snowpack370

consists of smaller grains, which remain transparent to the incoming radar signal. This transparency increases radar signal

penetration and results in lower radar return values due to scattering losses in the snowpack. Conversely, as FAC decreases due
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Figure 1. a) 2007 – 2021 winter mean ASCAT backscatter at the Antarctic-ice-shelf-wide scale. The relationship between winter mean

ASCAT and b) IMAU-FDM FAC (i.e. inverted U-curve), c) RACMO2 Melt over Accumulation (MoA), and d) IMAU-FDM Grain Size with

S-2 integrated melt pond volume in color whereas gray points are the regions with no S-2 melt pond data. G-VI is George-VI ice shelf, and

L-B and L-C are Larsen-B and Larsen-C ice shelves respectively.

to increased melt events, refreezing leads to larger grain sizes, thus increasing backscatter. However, in areas with low FAC,

persistent melt can form thin refrozen ice lenses (typically < 10 cm thick) within the firn (Pfeffer et al., 1991). Although these

lenses are density discontinuities, they behave like planar, specular reflectors: most of the radar energy is reflected away from375

the side-looking ASCAT antenna rather than back toward it. At the same time, the presence of one or two dominant ice layers

suppresses the smaller-scale grain-boundary scatterers that normally drive diffuse volume backscatter, so the net result is a

decrease in the measured radar return in regions of intense melt.
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Such an inverted U-curve relationship can also be observed in Fig. 2 of Alley et al. (2018), which explores the connection

between ASCAT backscatter and melt days in Antarctica. This finding strongly aligns with the behavior depicted in Fig. 1c380

of our study, wherein the ASCAT backscatter is compared with MoA. Fig. 1d extends this baseline by showing winter-mean

backscatter as a function of IMAU-FDM–modeled grain size. Here we see that backscatter rises as grain size increases from

≈ 0.2 mm up to ≈ 0.5 mm, where diffuse volume scattering is maximized, and then declines again for coarser grains as

the number of grain-boundary interfaces per unit volume decreases and forward scattering/attenuation increases, which can

dampen the C-band return (Picard et al., 2022a). Taken together, these baseline comparisons show that, although ASCAT385

backscatter is influenced by FAC and melt-pond signals, variations in grain size exert a strong first-order influence on C-band

returns, highlighting the critical role of microstructural variability in driving the observed backscatter patterns.

4.2 Sensitivity of ASCAT backscatter to Grain Size in varying FAC regimes

Fig. 2 demonstrates how backscatter sensitivity to microstructural versus saturation controls varies across contrasting firn

regimes. Fig. 2a shows the broad spatial variability in winter-mean FAC across Antarctic ice shelves, ranging from the deeply390

porous firn of Ross and Ronne ice shelves in West and East Antarctica, through intermediate conditions in the Baudouin blue-

ice region, to the heavily depleted layers of Larsen-B and Amery ice shelves. To explore how these contrasting saturation states

influence radar returns, we perform a sensitivity experiment targeted to five 27 km grid cells, which are mapped in Fig. 2a.

Because Larsen-B represents an important depleted-firn case in the Antarctic Peninsula, the selected grid cell was chosen to

remain within the ice-shelf mask throughout the study period, excluding surrounding sea-ice-covered areas.395

Across all sites, we notice that the FDM-SMRT simulated backscatter rises sharply as modeled grain size grows from near

zero to about 1 mm, then plateaus for larger grains, demonstrating the classic volume scattering response of C-band waves

(Picard et al., 2022b). Crucially, when we overplot the observed winter-mean ASCAT backscatter (dots) at each site’s IMAU-

FDM grain size, nearly all points fall on the steep portion of the curve rather than in the flat plateau. This steepness further

depends on the firn condition (i.e., FAC value). In regions with high FAC, such as Ross and Ronne, the increase is relatively400

steeper compared to regions with low FAC. Note that the Ross and Ronne curves nearly coincide because both represent dry,

high-FAC firn (> 15 m), producing very similar backscatter responses. For the samples situated on the slope of the curve, even

small errors in the modeled grain radius translate into multi-decibel biases in the FDM-SMRT simulated backscatter.

Conversely, as firn conditions deplete, some samples approach the shallow-slope (‘plateau’) part of the curve (e.g., Amery).

In this regime, backscatter is less affected by variations in grain size; however, even a small change in FAC, from 0.7 m at405

Larsen-B to 0.1 m at Amery, is associated with a reduction in simulated backscatter from approximately 0 dB to around -5

dB. Thus, the five-site sensitivity test shows that ASCAT’s grain-size leverage is strong on the steep limb, but weakens as

shelves enter depleted (low FAC) conditions. To generalize this behavior beyond the five examples and make the density/FAC

dimension explicit, we map the joint response σ0(ρ,r) in Fig. 2c. The 2-D surface shows that at intermediate densities (roughly

ρ∼ 200− 700 kgm−3; mid-FAC for a 20 m column), backscatter varies most strongly with grain size: moving from small to410

moderate r produces large increases in σ0, while changes in ρ within this band have comparatively modest effect. By contrast,

at the low-density/high-FAC and high-density/low-FAC ends, the surface becomes flat in r and steeper in ρ, indicating that
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Figure 2. (a) 2007 – 2021 IMAU-FDM winter mean FAC at the Antarctic-ice-shelf-wide scale. Five representative 27 km grid cells are shown

using site-specific colors. b) FDM-SMRT-simulated winter-mean backscatter as a function of prescribed effective grain size for the five sites.

Colored circles show the observed ASCAT backscatter plotted at the corresponding IMAU-FDM grain size. Site colors are consistent between

panels (a) and (b). In the legend, the winter mean FAC values from IMAU-FDM are noted in brackets for the respective locations. c) 2-D

sensitivity of FDM-SMRT simulated backscatter in color to grain size and density/FAC.
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the response is increasingly governed by the ice-saturation state rather than microstructure. In practical terms, ASCAT offers

strong leverage to constrain grain size in the mid-density regime, whereas at very low or very high densities/FAC the signal

is primarily modulated by density/FAC and grain size becomes more weakly identifiable. Importantly, the fact that ASCAT is415

sensitive to grain size enables us to refine it, providing an opportunity to better constrain one of the main sources of uncertainty

in IMAU-FDM’s firn microstructure (Veldhuijsen et al., 2024) and thereby reduce discrepancies in modeled grain-size-related

scattering behaviour. In the next section, we do so by performing a full inversion of grain size against the winter-mean ASCAT

backscatter.

4.3 Optimized grain size estimates at the Antarctic-ice-shelf-wide scale420

Fig. 3 compares the mean grain size modeled from IMAU-FDM with the optimized grain size, using FDM-SMRT coupling

and ASCAT observations, across the Antarctica ice shelves. The performance of the optimization between the FDM-SMRT

coupled simulations and ASCAT observations is illustrated in the Appendix (Fig. A1). The results indicate that the FDM-

SMRT coupled model closely reproduces the ASCAT backscatter after optimization, achieving a correlation value close to 1

and root mean square error of 0.18 dB. Because the optimized grain-size parameter is itself inferred by fitting the model to425

ASCAT, this agreement should be interpreted as internal consistency within the adopted framework and not as an independent

validation of the retrieval. Accordingly, the comparison between IMAU-FDM grain size and the optimized grain-size parameter

should not be interpreted as a direct comparison between modeled grain size and physical truth. Instead, deviations between

the two indicate framework-dependent differences between the IMAU-FDM-prescribed firn state, the FDM–SMRT simulated

scattering response, and the ASCAT-conditioned effective parameter retrieved by the inversion.430

In Fig. 3a and b, IMAU-FDM grain-size estimates are generally lower than the ASCAT-conditioned optimized effective val-

ues across much of the ice-shelf domain. Large spatial variability in the optimized grain size is evident among East Antarctica,

the Antarctic Peninsula, and West Antarctica. Notably, we find much larger grain sizes in East Antarctica and the Antarctic

Peninsula, regions characterized by substantial melt while falling in the intermediate to low FAC range of ∼ 5 - 10 m. In

contrast, the average grain size in ice shelf regions of West Antarctica is relatively small. Although dynamic near-surface pro-435

cesses such as meltwater refreezing can lead to localized grain growth (Veldhuijsen et al., 2024), the high accumulation rates

typical of West Antarctic ice shelves counteract long-term grain growth, resulting in smaller mean grain sizes compared to East

Antarctica and the Antarctic Peninsula.

In Fig. 3c, ice-saturated areas near the grounding line of the Amery Ice Shelf show IMAU-FDM grain-size estimates that

are substantially higher than the ASCAT-conditioned optimized effective values, with differences of approximately 8 mm440

(highlighted in red). In contrast, a sharp transition is observed in Amery for the relatively dryer and colder regions towards

the coast, where IMAU-FDM grain-size estimates are substantially lower than the ASCAT-conditioned optimized values. This

observation is also made in Larsen-C ice shelf. For dry ice shelves, such as the Ross and Ronne Ice Shelves, the grain-size

estimates from IMAU-FDM closely align with the ASCAT-conditioned optimized values, falling near the 1:1 line (Fig. 3d),

although IMAU-FDM values are slightly higher in some locations. The refreezing of meltwater impacts the snow structure by445

16



Figure 3. a) IMAU-FDM winter mean, b) Optimized, c) Difference (IMAU FDM - Optimized) grain size map, and d) Comparison between

IMAU-FDM winter mean and Optimized grain size at Antarctic-ice-shelf-wide scale. Inset zooms the [2.5, 2.5] mm range where most of the

points fall. The data points of all other ice shelves are categorized in “Rest” class, indicated by grey colour.

increasing grain size; however, IMAU-FDM has a limited response to this effect. The model assumes quite a small refreezing

grain size of 0.25 mm (van Dalum et al., 2022), primarily affecting only the top surface of the firn (Veldhuijsen et al., 2024).

In Fig. 3d, we observe an overall mean difference in grain size of -0.11 mm relative to the 1:1 line, with a standard deviation

of 0.73 mm. This large standard deviation is due to substantial negative differences in depleted regions of the Larsen-C Ice

Shelf and positive differences in depleted regions of the Amery Ice Shelf, where these points can be considered outliers that450

deviate markedly from the 1:1 line.
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Figure 4. Relationship between (IMAU-FDM minus Optimized) grain size and the depth after which the firn column becomes ice for depleted

regions at the Antarctic-ice-shelf-wide scale. East consists of ice shelves in East Antarctica, i.e. Publications and two unnamed ice shelves.

The black dashed line shows the best-fit curve and R is the Pearson correlation coefficient. Here, all the data points fall in depleted firn regime

(FAC < 1.5 m).

In order to understand these varying results, we relate the difference between IMAU-FDM modeled and optimized grain size

for depleted regions with the ice-saturation of the firn layer, as in Fig. 4. It is evident that regions of the Amery Ice Shelf, where

the entire firn column is ice-saturated from the near-surface (i.e., at a depth of < 2 m), show IMAU-FDM grain-size estimates

that are substantially higher than the ASCAT-conditioned optimized effective values. This is indicated by large difference455

in grain size, i.e. 2–8 mm (refer to Fig. 3c). However, as this depth increases, the difference shifts toward negative values,

indicating IMAU-FDM grain-size estimates that are lower than the ASCAT-conditioned optimized values, particularly in the

Larsen-C region. Meanwhile, at the transition, several locations with intermediate ice-saturation depths (including Shackleton,

Wilkins, George-VI, remnants of Larsen-B) and ice shelves in East Antarctica (e.g., Publications) exhibit well-matched grain

sizes. Moreover, at deep saturation depths, most ice shelves (Larsen-B, George-VI, Wilkins) also remain close to the 1:1460

line. The exception is a small cluster of five points on Larsen-C, where IMAU-FDM grain-size estimates are lower than the

ASCAT-conditioned optimized values by several millimeters. These results highlight that the consistency between IMAU-FDM

grain-size estimates and ASCAT-conditioned optimized values is strongly regime-dependent, particularly with respect to the

degree of ice saturation and associated firn processes.
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Table 2. Sensitivity of the effective grain-size retrieval for the high-FAC Ross benchmark. Changes are calculated relative to the baseline

effective grain-size parameter of 0.48 mm.

Tested component Perturbation ∆reff [mm] Change [%]

Porosity/density ±5% porosity −0.003 to +0.004 −0.57 to +0.81

Layer aggregation 8 to 16 cm −4.3× 10−4 −0.09

Idealized dense layer 0.5, 1.0, and 2.5 m +0.008 to +0.01 +1.62 to +2.22

Surface-related target ±0.5 dB −0.02 to +0.03 −4.98 to +5.41

Annual profile state 2016 and 2020 profiles −0.0002 to +0.018 −0.05 to +3.72

4.4 Sensitivity of the effective grain-size retrieval to prescribed assumptions465

The baseline inversion for the high-FAC Ross benchmark yields an optimized correlation length of 0.39 mm and a correspond-

ing effective grain-size parameter of 0.48 mm. This long-term mean-profile retrieval is consistent with the long-term Ross value

derived from the main annual inversion and with the close correspondence between IMAU-FDM and ASCAT-conditioned ef-

fective grain sizes in dry, high-FAC regions shown in Fig. 3d. It therefore provides a consistent baseline for quantifying how

much the retrieval changes when selected prescribed assumptions are perturbed. All perturbation scenarios converged without470

reaching either optimization bound, and the simulated backscatter reproduced the prescribed target within the 0.01 dB ac-

ceptance criterion. Table 2 summarizes the principal perturbation categories, while the individual scenarios and optimization

diagnostics are reported in Appendix Table C1.

Among the primary perturbations, the prescribed ±0.5 dB surface-related target offsets produce the largest retrieval response,

changing the effective grain-size parameter by −4.98 to +5.41%. Interannual full-profile variability produces changes of up to475

+3.72%, while the idealized dense layers increase the retrieved parameter by 1.62-2.22%. The dense-layer response decreases

with depth, with the largest change obtained for the layer nearest 0.5 m and the smallest for the layer nearest 2.5 m. The ±5%

porosity perturbations change the retrieval by less than 1%, and increasing the vertical aggregation from 8 to 16 cm produces

a change of only −0.09%.

The extended ±1.0 dB surface-related stress tests result in changes of −9.57 and +11.33%, respectively, and are reported480

separately from the primary sensitivity comparison. The primary perturbations therefore produce the following sensitivity

hierarchy for the selected Ross benchmark: surface-related backscatter offsets, interannual full-profile variability, idealized

dense layering, porosity, and vertical aggregation.

4.5 Variance partitioning of ASCAT backscatter with respect to FAC and grain size

Fig. 5 summarizes the variance partitioning of interannual ASCAT backscatter within the adopted framework, showing the485

fractional contributions associated with grain size (GS), FAC, their interaction (FAC×GS), and the residual term as a function

of mean FAC. This plot highlights the shifting importance of grain size and FAC across different FAC regimes (see Appendix

Fig. B1 for the spatial distribution of the contributions).
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Figure 5. a) Fractional variance contributions to interannual ASCAT backscatter within the adopted framework, associated with grain size,

FAC, their interaction (FAC×GS), and the residual component, with uncertainty represented by the IQR. b) Mean ASCAT variance in dB as

a function of mean FAC.

In regions with high FAC (e.g., > 10 m), the ASCAT signal is associated primarily with grain size within the adopted

framework, with the blue fraction peaking and narrow IQR bands indicating relatively consistent behavior across cells (Fig.490

5a). Here, the firn is more porous and is less frequently affected by melt-driven ice layers or saturation. These IQR trends
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also remain consistent for the residual contribution, suggesting that the larger fractional contributions associated with FAC and

grain size are more consistently captured by the model in regions with FAC values > 10 m, leaving less residual variability.

As FAC falls below ≈ 10 m, the red FAC contribution rises sharply while the grain-size fraction declines, marking the

transition toward firn-saturated conditions where density controls backscatter. The FAC×GS interaction term is consistently495

small relative to the main effects across FAC regimes, indicating that most of the partitioned variance is associated with

the additive main effects of FAC and grain size rather than with their interaction. In low-FAC regions, the firn is highly

heterogeneous due to processes such as temperature-driven metamorphism, refreezing, and ice saturation. These regions thus

exhibit larger variability in the FAC- and grain-size-associated contributions to ASCAT backscatter, amplifying cell-to-cell

scatter in each component’s contribution (high IQR). Finally, when plotting the ASCAT variance in Fig. 5b, we find it is500

stable in high-FAC regions but increases slightly in low-FAC regions, reflecting heightened interannual backscatter variability

under saturated firn. These aggregated curves show how the fractional contributions associated with grain size and FAC shift

systematically with FAC.

4.6 Assessing FAC from ASCAT observations after grain size correction

Fig. 6 presents the relationship between FDM-SMRT simulated ASCAT backscatter and IMAU-FDM winter mean FAC under505

two conditions: (a) with optimized grain size, and (b) with standardized grain size extracted from a power law fit on the FAC

– optimized grain size relationship (see Appendix Fig. D1b). This comparison illustrates how grain-size variability affects the

interpretability of the backscatter–FAC relationship.

In Fig. 6a, where the grain size effect is included, we observe significant variability in the backscatter values for a given

FAC. This variability confirms the influence of both FAC and grain size on backscatter (Alley et al., 2018; Picard et al., 2022b).510

In contrast, Fig. 6b, where the grain-size effect has been statistically standardized, shows a more coherent relationship between

backscatter and FAC, resembling a smoother inverted U-curve. As already seen in Fig. 1, this adapted curve also indicates that

backscatter is low in high-FAC (> 15 m) firn, rises linearly to a maximum near FAC ≈ 1.5 m, and then declines sharply for

FAC < 1.5 m as the snowpack becomes depleted and dominated by dense ice layers. The key insight is that once the grain-size-

driven scatter is reduced, the relationship between backscatter and FAC becomes more coherent and easier to interpret. This515

suggests that a substantial part of the spread in Fig. 6a is associated with grain-size variability, and that standardizing grain size

makes the backscatter–FAC relationship more interpretable.

5 Discussion

Our analysis demonstrates the comprehensive use of ASCAT observations to improve our understanding of firn properties,

specifically grain size and FAC, on an Antarctic-ice-shelf-wide scale. Methodologically, we follow the same principle of cou-520

pling a firn model (IMAU-FDM) with a radiative transfer model (SMRT) to interpret microwave signals and optimize the grain

size, as also explored by Dattler et al. (2024). However, our approach differs in scope and objective: (a) we use active C-band

ASCAT backscatter, whereas Dattler et al. (2024) used passive AMSR-2 brightness temperatures for physics-based melt detec-

21



Figure 6. a) Inverted U-curve with grain size variations and b) Adapted inverted U-curve without grain size variations at the Antarctic-ice-

shelf-wide scale.

tion; and (b) we perform an ice-shelf-wide, per-pixel, per-year inversion to optimize grain size, whereas Dattler et al. (2024)’s

study was limited to 13 sites and Larsen-C ice shelf. Our framework also differs from more empirical/observational ASCAT-525

based interpretations of firn state, such as the backscatter–melt relationships explored by Alley et al. (2018). The present study

complements such approaches by explicitly treating grain-size variability within a physics-based FDM–SMRT framework

before examining the backscatter–FAC relationship. The advantage of this approach is that it provides greater physical inter-

pretability by identifying how grain-size-related variability affects ASCAT backscatter and FAC-oriented interpretation. The

corresponding limitation is that the results depend more strongly on the adopted forward-model assumptions than an empiri-530

cal/observational backscatter–FAC relationship. Thus, the main advance is not simply confirming that ASCAT is sensitive to

both grain size and FAC, but showing how a physics-based inversion can constrain grain-size-related variability and thereby

support more interpretable FAC-oriented analyses across Antarctic ice shelves.

Beyond these differences, our study brings three contributions. First, it delivers a scaled-up, ASCAT-constrained grain-size

product with ice-shelf-wide coverage and annual cadence. Second, we apply variance-partitioning ANOVA to quantify how535

interannual backscatter variability is apportioned between grain size and FAC and to diagnose residual structure. Because

the optimized grain size is itself inferred from ASCAT through the FDM-SMRT inversion, these post-optimization analyses

are interpreted as conditional diagnostics within the adopted framework rather than as independent confirmation of process

attribution. Third, by standardizing grain size, we derive an adapted backscatter–FAC relation indicating how FAC could be

assessed from ASCAT, offering a potential pathway for large-scale firn monitoring. To support these results, we combine540
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targeted 1-D and 2-D forward-sensitivity experiments, which delineate where ASCAT is microstructure- versus ice-saturation-

dominated, with a controlled perturbation analysis that quantifies the local sensitivity of the retrieval to selected prescribed

profile and forward-model assumptions.

Turning to the spatial patterns that emerge from this framework, we find broad agreement between IMAU-FDM grain size

and the ASCAT-conditioned optimized effective parameter in high-FAC regions, where both indicate relatively small grain545

sizes (approximately <0.5 mm). These small values are qualitatively plausible for cold, dry firn with limited melt influence

and slower metamorphic evolution, although they should not be interpreted as independently validated grain-size benchmarks.

Larger discrepancies emerge in intermediate- to low-FAC regions, where the IMAU-FDM grain-size estimates are often lower

than the optimized effective values, while strongly depleted parts of the Amery Ice Shelf show the opposite behaviour. These

differences should not be interpreted as direct evidence that the optimized retrieval represents physical truth or that IMAU-550

FDM errors arise solely from grain-size physics. Rather, they indicate framework-dependent differences between modeled

firn-state/scattering behaviour and the ASCAT-conditioned effective parameter within the adopted FDM–SMRT framework.

Such differences may arise from the IMAU-FDM grain-size parameterization, which could affect the simulated scattering

response.

Two mechanisms are particularly relevant in melt-affected and depleted firn: (a) the minimal effect of refreezing on grain555

size in IMAU-FDM and (b) a lack of calibration in depleted conditions. The grain growth model used in IMAU-FDM assumes

that refreezing impacts grain size only if grain sizes are below 0.25 mm (Veldhuijsen et al., 2024). Consequently, for refrozen

layers where the grain size exceeds 0.25 mm, the effect of refreezing on grain size becomes absent. Physically, meltwater re-

freezing can form ice lenses and melt-refreeze crusts with a coarser effective microstructure than dry-snow grains. The 0.25 mm

threshold in IMAU-FDM is therefore not a physical upper limit on grain growth, but a simplifying parameterization that limits560

refreezing-driven coarsening once grains exceed this value. This parameterization may contribute to cases where IMAU-FDM

grain-size estimates are lower than the ASCAT-conditioned optimized effective values (Fig. 3c), particularly in melt-affected

regions such as Larsen-C. This suggests that refrozen layers may produce an ASCAT scattering response consistent with a

coarser effective microstructure than represented by the IMAU-FDM grain-size parameterization. By contrast, strongly de-

pleted firn on the Amery Ice Shelf shows the opposite discrepancy, with IMAU-FDM grain-size estimates substantially higher565

than the ASCAT-conditioned optimized effective values.

One possible contributor to these contrasting discrepancies is the age of the firn-ice transition, which refers to the time

it takes for firn to transform into glacial ice at a given location depending on factors such as accumulation rates, surface

temperature, and densification processes (Veldhuijsen et al., 2023). In regions with an older firn-ice transition, such as the

Amery Ice Shelf (1–1.5 kyr), the grains continue to grow indefinitely over time in the model based on temperature, as there570

is no prescribed maximum grain size in IMAU-FDM (Veldhuijsen et al., 2024). This can lead to very large modeled grains,

contributing to the large positive discrepancy between IMAU-FDM and the ASCAT-conditioned optimized effective values

(Fig. 4d of Veldhuijsen et al. (2023)). However, the absence of an upper bound applies to the IMAU-FDM parameterization

and does not imply that the ASCAT-conditioned optimized parameter can grow freely in the same way, because the inversion

is constrained by the observed ASCAT backscatter and the FDM–SMRT forward-model sensitivity. Overall, this suggests575
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that the IMAU-FDM grain-size parameterization may be poorly constrained in old, depleted firn such as Amery, where ice

saturation begins near the surface (Veldhuijsen et al., 2023), or that uncertainties in the modeled firn-ice transition age may

contribute to the discrepancy. In contrast, at the Larsen-C Ice Shelf, where the firn-ice transition is much younger (0.05–0.1

kyr), the limited time available for temperature-driven grain metamorphism yields inherently smaller modeled grains, resulting

in IMAU-FDM grain-size estimates that are lower than the ASCAT-conditioned optimized values. Additional calibration data580

from depleted regions would therefore be needed to assess the physical plausibility of both the modeled grain-size evolution

and the ASCAT-conditioned optimized effective parameter in these regimes.

Direct in-situ validation of grain size at the spatial support and vertical sensitivity of ASCAT is limited. Accordingly, the

present results should be interpreted primarily as an internally consistent, ASCAT-conditioned effective parameterization rather

than as a comprehensively validated external grain-size retrieval. In addition, IMAU-FDM has been evaluated primarily against585

available in-situ firn observations from Antarctica that are concentrated in non-melt (dry-snow) regions; model performance

and calibration are best constrained under dry-snow conditions (Veldhuijsen et al., 2024). Consistent with this, we find that in

predominantly dry-snow ice-shelf regions (e.g., Ross and Filchner-Ronne), the ASCAT-conditioned effective grain size closely

matches the IMAU-FDM grain-size estimates (Fig. 3d), providing an internal consistency check in regimes where the model

is best constrained. Where limited field observations are available, we additionally compared our retrieved effective grain size590

to in-situ grain-size measurements reported at sites D5 and D17, in the vicinity of the French station of Dumont d’Urville

in Adélie Land, East Antarctica, for austral summers 2017-2021 (Arioli et al., 2023). Both sites fall within a single 27 km

IMAU-FDM grid cell used in our analysis. For that cell, the mean IMAU-FDM grain size is 1 mm and the mean ASCAT-

conditioned grain size is 0.56 mm, while the reported in-situ mean grain sizes are 0.55 mm (D5) and 0.43 mm (D17). Given

the mismatch in seasonality (summer sampling versus our winter JJA means) and spatial scales (point measurements versus a595

27 km grid-cell effective value), we treat this comparison as a plausibility check rather than a strict validation. Nevertheless,

the retrieved estimate is closer to the in-situ magnitude than the unadjusted IMAU-FDM value, suggesting that the inversion

moves the effective grain size toward field-observed values.

The close correspondence in dry, high-FAC firn also provides the appropriate context for the Ross perturbation experiment.

At this site, the ASCAT response retains clear microstructural leverage (Fig. 2b–c), the ASCAT-conditioned effective grain600

size is consistent with the IMAU-FDM estimate (Fig. 3d), and the long-term perturbation baseline agrees with the main annual

retrieval. The experiment therefore addresses a specific robustness question: when the retrieval is ASCAT-constrained and

internally consistent within a comparatively favourable firn regime, how strongly does it shift when selected structural and

full-profile assumptions are perturbed?

The resulting hierarchy indicates that the Ross retrieval is comparatively insensitive to moderate changes in porosity and605

vertical discretization, whereas dense layering and interannual changes in the complete prescribed firn state have greater in-

fluence. This suggests that the dry-firn agreement is not primarily an artefact of the adopted 8 cm aggregation or of modest

changes in the prescribed density profile. At the same time, the stronger response to surface-related target offsets shows that

unrepresented near-surface scattering remains an important source of retrieval sensitivity, even in this comparatively favourable

regime.610
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This sensitivity hierarchy is physically consistent with previous microwave studies showing that the simulated response de-

pends jointly on microstructure, density, and vertical layering (Brucker et al., 2010; Picard et al., 2018, 2022a; Amory et al.,

2024). The moderate response to the idealized dense layers supports the importance of stratigraphy, while also showing that the

insertion of a single thin dense layer does not dominate the retrieved column-integrated parameter in the selected dry-firn pro-

file. More importantly, the leading surface-related sensitivity agrees with ASCAT studies showing that wind-organized surface615

structure, sastrugi, roughness, and snow-transport processes can modify backscatter independently of the volume microstruc-

ture represented in the present SMRT configuration (Fraser et al., 2016; Poizat et al., 2024; Shukla et al., 2024). The response to

the annual profiles further demonstrates that the retrieval inherits variability from the prescribed FDM state, including concur-

rent changes in temperature, density, liquid water content, and their vertical distributions. These results strengthen the internal

robustness of the retrieval to moderate density and discretization choices in the selected dry-firn setting, but they do not provide620

independent validation or a domain-wide uncertainty estimate. In particular, the hierarchy should not be transferred directly to

depleted firn, where the forward experiments show weaker grain-size identifiability and the Antarctic-wide comparison shows

larger model-retrieval differences.

In regions with significant depletion near the grounding line of the Antarctic Peninsula, the Amery ice shelf, and blue

ice areas of the Baudouin and Nivlisen ice shelves, our optimized grain size map shows larger grains. The spatial patterns625

observed in our study align strongly with the vulnerable regions identified across the Antarctic ice shelves in previous studies

(van Wessem et al., 2023; Alley et al., 2018). These vulnerable regions have been characterized based on either analyzing how

much warming is required for a particular ice shelf to reach the MoA limit of 0.7 (van Wessem et al., 2023) or understanding

the link between melt days and ASCAT backscatter (Alley et al., 2018). As the ASCAT record continues to lengthen, our

study provides a tool to monitor long-term changes in firn properties, particularly through optimized grain size. Such tools630

are essential for assessing the degree of ice-saturation in the firn and identifying regions susceptible to potential meltwater

ponding, which are precursors to structural weakening and hydrofracture (Kuipers Munneke et al., 2014).

By exploiting the relationship between FAC and optimized grain size, our adapted inverted U-curve demonstrates the poten-

tial of using ASCAT backscatter to inform FAC inferences once grain-size effects are controlled (Fig. 6). At present, we regard

this as an indicative proof of concept rather than an operational FAC retrieval curve. It remains conditioned on the adopted635

FDM-SMRT framework, the statistical standardization of grain size, and the assumptions used to distinguish firn regimes.

Additional validation and treatment of ambiguities would be required before such a relationship could be used for standalone

FAC retrieval. Converting observed backscatter to FAC will require (a) a rigorously validated calibration from observed to

standardized backscatter, (b) explicit handling of the two-branch ambiguity at low returns with independent priors, and (c)

representation of surface-scattering processes in dry, high-FAC regimes.640

For step (a), a calibration step is required because the adapted curve is defined in the standardized backscatter domain,

whereas ASCAT provides observed backscatter that still contains grain-size, surface roughness, and other scene-dependent in-

fluences. For step (b), where the mapping is locally monotonic, the FAC estimate is single-valued and direct. At low observed

backscatter, however, the inverted-U shape yields two plausible states: a depleted, low-FAC branch and a dry, high-FAC branch.

Independent priors are therefore mainly required in this low-backscatter regime, whereas the intermediate, locally monotonic645
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part of the curve is less ambiguous. Such priors could include melt-pond presence from optical imagery (van Wessem et al.,

2023), melt-day information from ASCAT or climate-model analyses (de Roda Husman et al., 2024), MoA climatology (van

Wessem et al., 2023), field-based grain size where available (Arioli et al., 2023), or guidance from firn models (Veldhui-

jsen et al., 2024). However, these constraints are not uniformly or consistently available across the Antarctic domain, and their

absence limits the use of the adapted curve as a standalone FAC retrieval. Once the depleted- versus dry-side branch is indepen-650

dently identified, FAC can be read consistently from the adapted curve. For step (c), unmodeled surface processes (roughness,

snowdrift, accumulation variability) can shift ASCAT independently of grain size or FAC; we briefly flag the issue here and

treat it in detail under Limitations below. These steps are beyond the scope of this study, but our results outline how such an

assessment could be developed and evaluated.

The FAC-oriented interpretation developed here is also specific to C-band ASCAT and should not be assumed to transfer655

directly to other microwave frequencies. The relative sensitivity of backscatter to grain size, density, and FAC depends on

frequency-dependent penetration depth and scattering behaviour. The C-band sensitivity pattern shown in Fig. 2b-c therefore

reflects the ASCAT-specific balance between grain-size-related volume scattering and density/FAC-related saturation effects,

and this balance should not be assumed to transfer directly to other microwave frequencies. Extending the framework with

multi-frequency observations would therefore be an important direction for testing whether the grain-size and FAC sensitivities660

identified here are consistent across different penetration depths and scattering regimes.

5.1 Methodological scope and future development

The scope of the optimized grain-size retrieval depends on the firn regime, the sensitivity of C-band backscatter, and the

assumptions embedded in the FDM–SMRT framework. We therefore first summarize the regimes in which the retrieval is rel-

atively more or less informative before discussing the main methodological constraints and future developments. Confidence665

in the retrieval is highest where the sensitivity experiments indicate sufficient grain-size leverage, particularly where the σ0–r

response remains on the steep part of the curve and where the 2-D response surface is steep in grain size relative to density/FAC

(Fig. 2b-c). This includes many dry-snow and intermediate-FAC regions for which the optimized grain size remains physically

consistent with the adopted FDM–SMRT framework. Confidence is lower in shallow-slope (“plateau”) regimes, particularly in

strongly depleted firn, where Fig. 2b-c shows that the C-band response becomes less sensitive to grain size and more strongly670

governed by density/FAC. In addition, some dry, high-FAC regions exhibit elevated residual variability, indicating that unmod-

eled near-surface processes such as roughness, snowdrift, and accumulation variability may also influence ASCAT backscatter.

Taken together, these considerations indicate that the optimized grain size is best interpreted as a regime-dependent effective

parameter, while the FAC-related interpretation should be viewed as a proof of concept for future retrieval development rather

than as a standalone operational product.675

With this context in mind, we do not provide formal posterior uncertainty estimates for the optimized grain size. Instead,

retrieval robustness and interpretive confidence are assessed from the forward sensitivity experiments, the Ross one-at-a-time

perturbation analysis, the regime dependence of grain size identifiability, the residual ANOVA fraction, and the limited plausi-

bility checks against available field observations. A first consideration concerns identifiability of grain size in the shallow-slope
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(“plateau”) regime of the backscatter response (Fig. 2b-c). As shown by our sensitivity analysis, once the σ0–r curve flattens680

(small ∂σ0/∂r), ASCAT provides limited leverage to refine grain size from a single C-band observation. This flattening occurs

(i) at very large grains and (ii) in depleted firn (FAC ∼ 0), where the 2-D response surface becomes nearly flat in r and com-

paratively steeper in ρ, indicating that changes in backscatter are governed more by density/FAC than by microstructure in this

regime. The Amery case demonstrates the plateau regime but cannot be taken as representative of all such settings; broader

sampling is needed. Accordingly, we avoid generalizing beyond the observed range and emphasize FAC interpretations where685

the response to r is weak. Future extensions that add frequency or incidence-angle diversity (or additional plateau-regime sites)

should help tighten r constraints where the C-band response is flat.

A second consideration is variance attribution after inversion. By construction, the optimized grain size is obtained by fitting

FDM-SMRT coupled simulations to ASCAT observations year by year; it is therefore expected that post-optimization ANOVA

shifts variance from FAC or the residual to ropt where the response is steep in r (Fig. 2). Our 2-D sensitivity surface supports690

this interpretation: at intermediate densities the surface is steep in grain size and comparatively flat in density, so interannual

ASCAT variability should project primarily onto r, precisely where ANOVA assigns a larger fraction to ropt. Conversely, at

low- and high-density extremes (very high or very low FAC) the surface flattens in r and steepens in ρ, implying that variability

should project more onto FAC; ANOVA indeed shows higher FAC contributions in the low-FAC regime. At the very high-FAC

end, however, some dry shelves exhibit elevated residual variability, which may be consistent with unmodeled surface-process695

controls (e.g., roughness, snowdrift, accumulation variability) that can modulate ASCAT independently of r or FAC (Fraser

et al., 2016). In short, the variance reallocation after inversion follows the forward-model sensitivity, while the residual in dry,

high-FAC zones may indicate unrepresented near-surface processes.

The ANOVA-based variance partitioning should nevertheless be interpreted as a first-order statistical diagnostic rather than

as a complete physical decomposition of the firn–microwave system. Because it assumes approximately additive contributions700

from FAC, grain size, their interaction, and a residual term, strongly non-additive behavior may not be fully captured. Such

behavior could occur when grain size and FAC co-evolve during melt–refreezing transitions (Veldhuijsen et al., 2024), when

ice saturation causes threshold-like scattering changes (Brucker et al., 2010), or when layering and near-surface structure make

the sensitivity to one variable depend on the state of another (Amory et al., 2024). Therefore, the variance fractions should not

be interpreted as uniquely separable physical controls, and the small interaction term should not be taken as proof that aliasing705

between FAC and grain size is absent. Some degree of confounding may remain when FAC and grain size co-vary, particularly

during melt–refreezing transitions (Veldhuijsen et al., 2024), and the partitioning should therefore be interpreted within the

sampled interannual variability and the adopted inversion framework.

The residual contribution in dry, high-FAC regimes may partly reflect surface processes rather than microstructure or FAC

alone. The Ross perturbation experiment supports the potential importance of this source, because the prescribed surface-710

related target offsets produced the largest response among the primary perturbations (i.e. changing the effective grain-size

parameter by −4.9 to +5.4%). This experiment does not attribute the response to a particular physical mechanism, because

surface roughness, sastrugi, snowdrift, and accumulation variability are not represented explicitly or constrained independently.

Rather, it quantifies the retrieval sensitivity to their potential combined contribution to the ASCAT backscatter. Independent
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constraints on these processes would be needed to determine their individual importance. Such constraints could include in-715

situ roughness surveys (Shukla et al., 2024), azimuthal-anisotropy proxies for sastrugi and microtopography (Cartwright et al.,

2022), or snow-transport diagnostics (Poizat et al., 2024). These observations could be combined with an explicit rough-

surface scattering representation in SMRT (Picard et al., 2018) to evaluate whether accounting for surface scattering reduces

the residual contribution and improves retrieval robustness in dry, high-FAC regimes.

A related methodological constraint of our approach is the assumption of a constant grain size across all layers up to 20720

m depth during optimization. This approach is adopted to avoid an under-represented inversion problem, because a vertically

resolved retrieval would require estimating a large number of unknowns, including grain size and density/FAC for each layer,

from a limited ASCAT backscatter observation space. Similar challenges have also caused optimizer collapse in previous multi-

layer retrieval attempts (Charrois et al., 2016; Cluzet et al., 2020). By simplifying the optimization to a single representative

grain size, we obtain a stable and consistent estimate across Antarctic ice shelves, allowing broad spatial patterns and regime-725

dependent contrasts to be assessed.

This simplification, however, has important physical implications. A single column-wide grain-size parameter cannot rep-

resent vertical heterogeneity in firn microstructure, including near-surface metamorphic gradients, buried refrozen layers, ice

lenses, or depth-dependent grain growth associated with firn densification and melt–refreeze events. The optimized grain size

should therefore be interpreted as an ASCAT-conditioned effective parameter within the adopted FDM–SMRT framework,730

rather than as a depth-resolved physical grain-size profile. Its value is likely weighted toward the parts of the upper firn column

that contribute most strongly to C-band volume scattering, because the scattering physics depend on the interaction between

microwave frequency, grain size, density, temperature, and layer structure. Consequently, we place greatest confidence in the

large-scale, footprint-scale spatial patterns, particularly where the forward sensitivity analysis indicates stronger identifiability,

while avoiding interpretation of the retrieval as local or vertically resolved grain-size truth.735

This limitation is consistent with previous work showing that grain size can vary significantly with depth and that such

vertical variability affects microwave scattering and absorption, especially from layers with larger grains (Brucker et al., 2010).

Accounting for depth-dependent grain size could therefore refine the representation of firn microstructure in radiative transfer

models. However, even simple depth-varying alternatives, such as prescribing an exponential grain-size profile, would remain

underconstrained with the present single-frequency ASCAT setup unless additional assumptions or external constraints were in-740

troduced. Relaxing this limitation would therefore require expanding the observation space, for example through multi-sensor,

multi-frequency, and multi-angular constraints. This could include combining ASCAT with passive microwave observations

such as AMSR-2 or SMOS, SAR observations such as Sentinel-1, and, in future, lower-frequency missions such as ROSE-

L, NISAR, and BIOMASS, which may provide complementary sensitivity to deeper firn layers. Such datasets could support

future joint inversion frameworks across frequency and incidence angle to better constrain vertical grain-size heterogeneity.745

Advanced optimization approaches, such as Bayesian optimization (Pan et al., 2017) or genetic algorithms (Tedesco and Kim,

2006), may also help explore depth-varying parameterizations more efficiently, but would still require sufficient observational

constraints to avoid non-unique solutions.
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A related spatial consideration is that the inversion is performed at the 27 km RACMO/IMAU-FDM grid scale, so the

retrieved quantity should also be interpreted as a spatially averaged, footprint-scale effective parameter. Different parts of a750

single ASCAT footprint may span different firn regimes, especially near transitions among dry, intermediate, and depleted firn.

Such sub-footprint regime mixing can make the single grain-size assumption less representative of local variability, although

we do not explicitly quantify this effect here. Broader microwave snow and firn studies show that heterogeneity in grain size,

density, stratigraphy, anisotropy, and near-surface structure can influence microwave scattering and its interpretation (Leinss

et al., 2016; Tsang et al., 2022; Shukla et al., 2024). Future work could test the importance of footprint-scale mixing by755

applying the framework to higher-resolution active microwave C-band observations, such as Sentinel-1, and comparing the

resulting effective parameters with those retrieved from ASCAT.

Finally, the present framework should be interpreted as diagnostic rather than prognostic. It is suited to interpreting present

firn-state variability, identifying regimes where ASCAT provides stronger or weaker constraints on grain size, and supporting

FAC-oriented interpretation once grain-size-driven scatter is reduced. It does not by itself predict future firn evolution or the760

response of firn conditions to future climate perturbations. Such prognostic applications would require additional development,

including stronger external validation, explicit coupling to firn-evolution modelling, and treatment of the unresolved processes

and ambiguities discussed above.

A further practical consideration is the computational cost of the present implementation. The current inversion was de-

signed as a research-scale framework to test the physical consistency and interpretability of ASCAT-constrained grain-size765

retrievals across Antarctic ice shelves, rather than as an operationally deployable monitoring system. Although the workflow

is feasible on high-performance computing infrastructure, routine large-scale or near-real-time application would require addi-

tional methodological development. Possible routes include reduced-order formulations, pre-computed lookup tables, surrogate

or emulator-based forward models, or selective regional and temporal updating focused on regimes where ASCAT provides

the strongest retrieval leverage. Thus, the present results demonstrate research-scale feasibility, while operational deployment770

would require further optimization of the inversion framework.

In the future, improved spatial resolution surface mass balance (SMB) products from RACMO at 2 km (Noël et al., 2023)

could be utilized to simulate firn profiles from IMAU-FDM with enhanced resolution. This would be invaluable for our analysis,

allowing for a more detailed understanding of changes in firn properties based on ASCAT observations. Ultimately, we envision

the potential use of optimized grain size by the firn modeling community to constrain grain size parameters in their models.775

This could be achieved by integrating optimized grain sizes into the model parameterization process, thereby improving the

representation of refreezing, snow compaction, and metamorphism processes that directly influence grain size.

6 Conclusions

In this study, we used ASCAT observations within an FDM–SMRT framework to infer an effective grain-size parameter and to

explore, as a proof of concept, how FAC-related firn states may be interpreted once grain-size effects are reduced. We present780

a new ASCAT-constrained grain-size retrieval parameter, inferred by minimizing the mismatch between FDM–SMRT coupled
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simulations and ASCAT observations. Our findings reveal significant spatial variability in the optimized effective grain-size

parameter relative to IMAU-FDM grain-size estimates. In regions with a dry snowpack, the optimized values closely align with

IMAU-FDM estimates. However, as FAC decreases, larger framework-dependent discrepancies emerge. In many intermediate-

to low-FAC regions, IMAU-FDM grain-size estimates are lower than the ASCAT-conditioned optimized values, whereas in785

strongly depleted parts of the Amery Ice Shelf, IMAU-FDM estimates are substantially higher. These discrepancies may be

linked to the degree of ice saturation within the firn column. For example, in depleted regions of the Amery Ice Shelf, where

the firn column becomes ice-saturated from near-surface depths, the large IMAU-FDM grain-size estimates may reflect the

absence of a prescribed upper bound on grain growth over long firn–ice transition ages. Conversely, in regions such as Larsen-C,

where the depth of complete ice saturation is greater, IMAU-FDM grain-size estimates are lower than the ASCAT-conditioned790

optimized values; this may partly reflect the refreezing scheme in the model, which limits additional refreezing-driven grain

growth once grain sizes exceed 0.25 mm. Within the adopted framework, we find that C-band backscatter is most sensitive

to grain size in several firn regimes, and that the backscatter–FAC relationship becomes more interpretable once grain-size

effects are reduced. This provides a proof of concept for how ASCAT observations could contribute to FAC-oriented firn

monitoring once grain-size effects are accounted for. Moreover, by assessing the individual contribution of grain size and FAC795

to ASCAT variance, we find that dry ice shelves, such as Ross and Filchner–Ronne, show enhanced sensitivity of backscatter

to grain-size variations, whereas backscatter variability is more strongly associated with FAC variations in depleted ice-shelf

regions such as Amery, George-VI, and Larsen-C. The optimized grain size should therefore be interpreted as an effective,

ASCAT-conditioned parameter whose confidence is regime-dependent and whose independent validation remains limited. In

this regard, our findings suggest that ASCAT observations provide a complementary diagnostic and monitoring metric for800

shifts in firn conditions that are relevant to the stability of Antarctic ice shelves. Furthermore, our study opens new avenues for

improving firn model parameterization and for using ASCAT observations to better diagnose the state of the firn layer.

Code and data availability. The C-band ASCAT data are available from the BYU Scatterometer Climate Record Pathfinder (https://www.

scp.byu.edu/data/Ascat/SIR/Ascat_sir.html; Long et al., 1993). The Sentinel-2 melt pond volume dataset is available on Zenodo (https:

//zenodo.org/records/7334047; van Wessem et al., 2022). The code of IMAU-FDM v1.2AD is available on Zenodo (https://doi.org/10.5281/805

zenodo.10723570; Veldhuijsen, 2024). The analysis and inversion code, processed model inputs, optimized effective grain-size dataset,

perturbation-analysis outputs, and figure-ready data required to reproduce the main results are archived on Zenodo as “Code and data for

Inferring Effective Firn Grain Size across Antarctic Ice Shelves from ASCAT Observations”, version 1.0 (https://doi.org/10.5281/zenodo.

21499624). The archived release is permanently versioned and corresponds to the manuscript version submitted for review.

Appendix A: FDM-SMRT Coupled Simulation vs ASCAT Observation810

Fig. A1 shows the performance of FDM-SMRT coupling upon optimization, when compared with the ASCAT observations

for all the points at the Antarctic-ice-shelf-wide scale.
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Figure A1. Absolute comparison of backscatter between winter mean FDM-SMRT coupled simulation and winter mean ASCAT observa-

tions after optimization. Pearson correlation coefficient (R-value) is 0.99 and Root Mean Squared Error (RMSE) is 0.18 dB. Note that this

agreement reflects internal consistency within the adopted framework, not independent validation.

Appendix B: ANOVA Spatial Maps: IMAU-FDM Grain Size vs Optimized Grain Size

Fig. B1 presents a side-by-side comparison of the ANOVA-based variance partitioning of ASCAT backscatter within the

adopted framework, using the IMAU-FDM modeled grain size (panels a–d) versus the optimized grain size (panels e–h).815

In Fig. B1a, the fractional variance contribution associated with rFDM shows a spatially heterogeneous pattern, with certain

regions in West Antarctica exhibiting moderate contributions. By contrast, Fig. B1e shows that after optimization, grain size

(rOpt) is associated with a much larger fractional contribution to ASCAT backscatter variability, especially across the dry ice

shelf regions of West Antarctica and the East Antarctica, and portions of the Antarctic Peninsula. These regions fall into the

intermediate– to high-FAC regime (i.e., ≈ 12 - 25 m FAC in Fig. 1b, representing the right side of the inverted U-curve),820

where the optimized grain-size term contributes more consistently to the partitioned ASCAT variability within the adopted

framework.
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By construction, part of this increase is expected, because rOpt is obtained by fitting SMRT to ASCAT year by year, so

variance that previously projected onto FAC or the residual is reallocated to rOpt where backscatter is grain-size sensitive.

Beyond this, a plausible physical contributor in dry-snow regimes is episodic refreezing that enlarges grains (Veldhuijsen et al.,825

2024). This unidirectional increase in grain size can still cause noticeable interannual changes in backscatter (Picard et al.,

2022b; Fraser et al., 2016), as regions with smaller initial grains experience more pronounced growth compared to regions

where grains are already large and relatively less influenced by refreezing (Veldhuijsen et al., 2024).

Fig. B1b highlights the fractional variance contribution associated with FAC, which is concentrated over specific regions,

such as parts of the Ross and Filchner-Ronne ice shelves but remains generally low across the ice shelves. After optimization,830

the relative FAC contribution to backscatter variability (Fig. B1f) falls well below its pre-optimization levels. This drop occurs

because the optimized grain-size term is associated with a larger share of the partitioned variability that previously projected

onto FAC when modeled grain sizes were used. However, depleted firn regions near the grounding line of Amery, Larsen-B,

and George-VI ice shelves still exhibit relatively large FAC-associated contributions. This indicates that regions on the left side

of the inverted U-curve display enhanced sensitivity of ASCAT backscatter to FAC variations. From a physical perspective,835

we expect depleted regions to have larger grains where the density approaches that of glacial ice. This thus limits further grain

growth and results in almost no scattering interfaces for the incoming radar signal. In such cases, changes in grain size have

a negligible effect on backscatter, as also demonstrated in Fig. 2. Fig. B1c shows the shared fractional variance contribution

associated with FAC and rFDM, indicating only limited interaction between the two, especially in regions of West Antarctic

ice shelves. In Fig. B1g, this shared contribution decreases further after optimization, particularly in localized regions where840

firn processes are more dynamic, such as near the grounding lines of ice shelves and in areas of higher surface activity.

The most striking result is shown in Fig. B1d, where the residual variance contribution is large across much of the Antarctic

ice shelves. This indicates that, prior to optimization, the partitioned contributions associated with grain size, FAC, and their

interactions remain small relative to the residual term. In Fig. B1h, however, the residual contribution is substantially reduced

after optimization. Although relatively large residual contributions persist in isolated parts of the Antarctic Peninsula, Ross, and845

Roi Baudouin ice shelves, the overall reduction suggests that grain-size optimization captures a larger share of the partitioned

ASCAT variability within the adopted framework.
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Figure B1. Spatial distribution of fractional variance contributions to interannual ASCAT backscatter within the adopted framework, associ-

ated with FAC, grain size (r) and their interaction, before and after grain–size optimization. Panels (a–d) show ANOVA using IMAU-FDM

model grain size (rFDM): (a) contribution of rFDM, (b) of FAC, (c) their shared FAC×rFDM term, and (d) residual variance contribution

(εFDM). Panels (e–h) show the same decomposition after replacing rFDM with our ASCAT-optimized grain size (rOpt): (e) rOpt, (f) FAC,

(g) FAC×rOpt, and (h) residual variance contribution (εOpt).
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Appendix C: Detailed results of the perturbation analysis

Table C1 presents the individual one-at-a-time perturbation results underlying the category-level sensitivity ranges reported in

Table 2.850

Table C1. Detailed one-at-a-time perturbation results for the high-FAC Ross Ice Shelf benchmark. The optimized correlation length lc,

effective grain-size parameter reff , and its change relative to the baseline are reported for each scenario. The ±1.0 dB surface-related cases

are extended stress tests and are not included in the primary sensitivity ranking. All scenarios converged successfully, none reached either

optimization bound, and all absolute target–simulation residuals were below 0.01 dB.

Scenario lc reff ∆reff Change Target Simulated Residual

[mm] [mm] [mm] [%] [dB] [dB] [dB]

Baseline 0.39 0.48 – – -7.28 -7.28 −1.2× 10−4

Porosity −5% (higher density) 0.40 0.48 +0.004 +0.81 -7.28 -7.28 −1.2× 10−4

Porosity +5% (lower density) 0.38 0.48 -0.003 -0.57 -7.28 -7.28 −1.3× 10−4

Layer aggregation: 16 cm 0.39 0.48 −4.3× 10−4 -0.09 -7.28 -7.28 −1.2× 10−4

Dense layer at 0.52 m 0.40 0.49 +0.01 +2.22 -7.28 -7.28 −1.2× 10−4

Dense layer at 1.00 m 0.40 0.49 +0.01 +2.01 -7.28 -7.28 −1.2× 10−4

Dense layer at 2.52 m 0.40 0.49 +0.01 +1.62 -7.28 -7.28 −1.2× 10−4

Surface-related target: −0.5 dB 0.37 0.45 -0.018 -4.98 -7.78 -7.78 +1.2× 10−8

Surface-related target: +0.5 dB 0.41 0.50 +0.03 +5.41 -6.78 -6.78 −1.1× 10−4

Surface-related target: −1.0 dBa 0.35 0.43 -0.05 -9.57 -8.28 -8.28 −1.5× 10−4

Surface-related target: +1.0 dBa 0.44 0.53 +0.05 +11.33 -6.28 -6.28 −1.0× 10−4

2016 annual JJA profileb 0.39 0.48 −2.3× 10−4 -0.05 -7.28 -7.28 −1.2× 10−4

2020 annual JJA profilec 0.40 0.50 +0.02 +3.72 -7.28 -7.28 −1.2× 10−4

a Extended stress test, excluded from the primary sensitivity ranking. For the idealized dense-layer experiments, one horizontally continuous 8 cm layer

was assigned a density of 900 kgm−3. The actual layer-centre depths were 0.52, 1.00, and 2.52 m, and the corresponding baseline densities were 402.6,

416.8, and 431.5 kgm−3, respectively. b Annual JJA profile with the minimum vertically averaged profile temperature in the 2007–2021 IMAU-FDM

record (242.1 K). c Annual JJA profile with the maximum vertically averaged profile temperature in the record (243.5 K).

Appendix D: Relationship between FAC and Grain Size

Before assessing the FAC directly from ASCAT backscatter, we compared the spatial variability in IMAU-FDM winter mean

grain size and optimized grain size as a function of IMAU-FDM winter mean FAC, as in Fig. D1. In regions with high

FAC (> 20 m), the optimized grain size remains low and closely aligns with IMAU-FDM grain size. This likely reflects

limited melt in these areas, which typically maintain a dry snowpack that is well represented by IMAU-FDM. At intermediate855

FAC (5-20 m), IMAU-FDM generally predicts smaller grain sizes, while the optimized estimates show a wider spread. For

ice shelves experiencing episodic melt within this range, enhanced refreezing and metamorphism can yield coarser effective

microstructure, which IMAU-FDM’s fixed 0.25 mm refreeze-grain-size parameterization (and its limited representation of

repeated melt–refreeze cycles) may not fully capture (Veldhuijsen et al., 2024). In strongly depleted firn (FAC < 5 m), grain

size often increases substantially in both the optimized and modeled cases, consistent with dense, refrozen firn and ice-saturated860

conditions.

34



Figure D1. Antarctic-ice-shelf-wide relationship between IMAU-FDM winter mean FAC and a) IMAU-FDM winter mean grain size, b)

Optimized grain size (power law fit represented by red line). ’Rest’ represents the data points of all other ice shelves except the ones

mentioned in color.
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Polat, İ., Feng, Y., Moore, E. W., VanderPlas, J., Laxalde, D., Perktold, J., Cimrman, R., Henriksen, I., Quintero, E. A., Harris, C. R.,980

Archibald, A. M., Ribeiro, A. H., Pedregosa, F., van Mulbregt, P., Vijaykumar, A., Bardelli, A. P., Rothberg, A., Hilboll, A., Kloeckner,

A., Scopatz, A., Lee, A., Rokem, A., Woods, C. N., Fulton, C., Masson, C., Häggström, C., Fitzgerald, C., Nicholson, D. A., Hagen,

D. R., Pasechnik, D. V., Olivetti, E., Martin, E., Wieser, E., Silva, F., Lenders, F., Wilhelm, F., Young, G., Price, G. A., Ingold, G.-L.,

Allen, G. E., Lee, G. R., Audren, H., Probst, I., Dietrich, J. P., Silterra, J., Webber, J. T., Slavič, J., Nothman, J., Buchner, J., Kulick, J.,
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