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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 leverage-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 Advanced Scatterometer (ASCAT yto-infer-an-effeetivefi -t are ACTOSS aretietees s. 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 microstruc-
tural parameter and is optimized by minimizing the misfit between FDM—-SMRT simulations and ASCAT observations. The
framework is further used to examine how the sensitivity of ASCAT backscatter varies across firn regimes, and how this influ-
ences the interpretation of backscatter in terms of FAC. Our results show broad consistency between the optimized effective
grain size and IMAU-FDM estimates in high-Firn Air Content (FAC) regions, where ASCAT backscatter is most sensitive to
interannual 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 ex-
periments 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

development and evaluation of FAC-oriented diagnostic retrieval frameworks. These findings provide a basis for improving firn
model parameterization and advaneing-supporting large-scale monttoring-offirnevotation-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-
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 maintains
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 Densification
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 (Veldhuijsen
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 size
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 workflow
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.

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-
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SMRT 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 terms of FAC. Specifically, we: i) assess the interannual variability of grain size and FAC and their respective relation-
ships with ASCAT backscatter; ii) identify systematic biases-in-FDM-modeled-grain-sizediscrepancies 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 backscatter—FAC relationship by statistically reducing grain-size-driven scatter, as a proof
of concept for potential FAC inference from ASEAT-FAC-oriented interpretation of ASCAT that informs future development
of FAC-oriented diagnostic retrieval approaches. Throughout this study, the retrieved grain size is interpreted as an effective

arameter 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 rela-
tionship between FAC and ASCAT backscatter, and analyzing the spatial distribution of 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, and

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,
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 (0, in dB space) measurement made by ASCAT is approximately a linear function of the incidence angle (6;)
00(01):A+B(0179ref) (1)

where, 6, is reference angle (i.e. a mid-swath value of 40° for ASCAT), A measured in dB is the value of o normalized
at 40° incidence angle, and B measured in dB/° describes the dependence of oy on ;. The azimuth dependence of oy is

discarded in this dataset as the o 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 the
spatial resolution of IMAU-FDM. This resampling preserves the original backscatter signal without introducing interpolation
artifacts. To minimize the influence-of seasonal-melteffeetsdirect 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
yielding 15 values per pixel for temporal analysis. Pixels of Antarctic 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-resolution
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 biases-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 incorporate
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 ERAS 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 therefore extract density,
temperature, grain size, and liquid water content from IMAU-FDM at those 10-day timesteps. SMRT then uses these inputs
to produce synthetic backscatter intensity time series (Refer to Method Sec. 3.2), from which we compute winter (JJA) means
for each year (2007-2021), exactly as done with the ASCAT-derived backscatter values. This results in 15 FDM-SMRT winter
mean backscatter values per pixel for comparison with ASCAT backscatter.

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.
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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
thus provides an indirect (but useful) validation metric for ASCAT-based firn assessments.

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 Methods

This section describes the methodology used to optimize firn grain size estimates by integrating IMAU-FDM outputs with

ASCAT backscatter via the Snow Microwave Radiative Transfer (SMRT) model. For-this—we-Throughout the methodological

workflow, firn stratigraphy is prescribed from IMAU-FDM, including layer thickness, density, temperature, and liquid water
content. Within this prescribed framework, the inversion estimates only a single column-wide grain-size parameter representative
of the upper firn column sampled by ASCAT. The ANOVA and grain-size standardization are then applied as post-inversion

diagnostic analyses to interpret interannual backscatter variability and the backscatter—FAC relationship.
We first establish a baseline by comparing winter-mean-winter-mean ASCAT backscatter (A) with IMAU-FBPM-IMAU-FDM

FAC and grain size, and-RACMO MoA, and we-contrast-this-against-Sentinel-2 melt-pond-velumes-melt-pond volume to
identify depleted firn regions and motivate the subsequent analysis (Sect 3.1). Next, we outline-describe the FDM-SMRT

coupling framework £

radar-backseatter-and targeted sensitivity experiments to quantify how C-band backscatter responds to grain size invarying

contrasting firn regimes, thereby motivating the grain-size inversion (Sect. 3. 2)—W—ht€h—fﬂ—%ﬂfﬂ—fﬂeﬁVﬂ{es—eﬁffefe—gfatﬂ-ﬁ-Ze
ize-. We then perform the core inversion

by iteratively optimizing a single grain-size parameter to minimize misfit with observed backscatter (Sect. 3.3). We—then
perform-Finally, we apply two post-inversion diagnostic analyses: a variance-partitioning ANOVA (Seet—3-4)-to-decompese

f%—redueed—byeu% o examine how ASCAT variability projects onto FAC and grain size (Sect. 3.4), and grain-size eptimization-

standardization to assess how.

the backscatter—FAC relationship changes once grain-size-driven scatter is reduced (Sect. 3.5).
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3.1 Comparison of IMAU-FDM/RACMO?2 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 volume
to highlight cells with persistent ponding, indicative of reduced pore space and higher saturation, versus cells with little or no
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,
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 from
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).

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 use an exponential microstructure as it has only one
parameter (in contrast to other representations), which makes it easier to optimize (Picard et al., 2018). This single parameter
is correlation length (cl), defined as the surface-to-volume ratio of equivalent spheres (Mitzler, 2002), and has been shown to

be empirically and theoretically linked with the modeled grain size (Picard et al., 2022b; Mitzler, 2002), by:

cl =4(1 = p/pice)/picessa (2)

where p is density in kg m™3, p;.. is density of ice in kg m~3, and ssa is specific surface area described as a function of
modeled grain radius r in mm, i.e., 3/p;cer (van Dalum et al., 2022). Such a scheme reduces the number of parameters to
be constrained, thereby avoiding an under-representation problem when comparing the FDM-SMRT coupled simulations with
ASCAT observations and ultimately inferring the firn properties.

We employ the exponential microstructure with density, temperature, liquid water content, and layer thickness as input pa-
rameters derived from the FDM profile of all gridded points across the Antarctic ice shelf. We consider the FDM profiles for
the JJA months during the period from 2007 to 2021, along with the C-band wavelength and a 40° incidence angle, which
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represent the ASCAT sensor configuration parameters in SMRT. For the electromagnetic (EM) model, we utilize the sym-
metrized version of the Strong-Contrast Expansion (SCE) theory from Picard et al. (2022a) under the non-local approximation
(SymSCE). This choice is made to avoid the breakdown of the scattering formulation that often occurs in other theories for
intermediate densities (450-550 kg m~2) and high frequencies for coarse-grained snow (Picard et al., 2022a). The multi-layer
radiative transfer equation in SMRT 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 experiment.
At the same time, ASCAT backscatter is also influenced by other aspects of firn structure, including density, layering, and ice
saturation. However, the annual winter-mean ASCAT backscatter time series does not provide sufficient independent informa-
tion to constrain all vertically varying firn properties simultaneously. We therefore prescribe firn stratigraphy from IMAU-FDM
and treat grain size as the main unknown microstructural parameter.

To examine this sensitivity in representative firn regimes, we first select five 27 km cells spanning the range of FAC con-
ditions, two ‘healthy’ (high FAC) sites on the Ross and Filchner-Ronne ice shelves, and three ‘depleted’ (low FAC) sites on
the Amery, Larsen-B, and Baudouin blue-ice regions, to illustrate the sensitivity of backscatter to grain size. For each site, we
extract the long-term (2007-2021) winter-mean firn profile from IMAU-FDM (density, temperature). The grain size is kept
constant across all layers up to 20 m depth. This approach maintains consistency with our optimization scheme, where we
estimate a single grain size value for the entire snowpack. We then systematically vary the grain size value from 0 to 10 mm (in
0.5 mm steps) and run the FDM-SMRT coupled model to simulate the winter-mean backscatter at each grain size. Ultimately,
we quantify how backscatter responds to grain size in “healthy” versus “depleted” firn.

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 (whereas
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 p (in the range of 10 — 910 kgm~2) along
the column and a uniform grain size r (in the range of 0.01 - 1.2 mm) to all layers. For each (p,r) pair, we run SMRT with
the ASCAT configuration to obtain the simulated backscatter and plot it 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.
3.3 Optimization of 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
estimate an effective grain-size parameter for each 27 km cell by minimizing the mismatch between winter-mean FDM-SMRT

simulations and ASCAT observations.
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We run the FDM-SMRT coupled model for the JJA months of each year (2007-2021) to compute a winter-mean simulated
backscatter Ag;y, per cell and year across Antarctic ice shelves, then compare it to the corresponding ASCAT winter mean A
via equation 3 to retrieve the optimized grain size. The resulting inversion is repeated for all 15 years to yield one optimized

grain size per year. We use mean-squared error (MSE) as a minimization metric between simulation and observation:

2021
MSE(r) = - 3 [an(rt) = () 3)

where N; = 15 is the number of years (2007-2021), A (r,t) is the SMRT-simulated winter (JJA) mean backscatter for
year t given grain size 7, and A, (t) is the corresponding observed ASCAT winter (JJA) mean backscatter for year t. We
employ the Limited-memory Broyden—Fletcher—Goldfarb—Shanno (L-BFGS) algorithm, 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 process, we utilize the DelftBlue supercomputer (Delft High Per-
formance Computing Centre , DHPC), allocating 16 cores for each of the 2000 gridded points. Ultimately, the relationship
between correlation length and grain size, from equation 2, is exploited to provide an estimate of grain size based on the
optimized correlation length. Note that the inversion targets a single, column-wide(, uniform-with-depth )-grain-size param-

eter representative of the upper ~20 m firn column sampled by ASCAT;-itsheuld-thereforenoet-. This parameter should be

interpreted as a-an ASCAT-constrained retrieval parameter within the adopted FDM—-SMRT framework, rather than as a direct
microphysical grain-size measurement, a depth-resolved grain-size profile, or a classical effective-medium property derived

independently of the observations.
By repeating the optimization for each year from 2007 to 2021, we estimate the interannual variability of the optimized

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

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,

s—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

where the largest

m (35-34 cells total), extract each cell’s ice-saturation depth, and compute the grain-size difference (Ar = rppm — Topt) for
those cells. Here, ice saturation is a threshold 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 Ar and ice-saturation depth to

diagnose how deep versus shallow ice-saturation affects the grain size biasdifferences.
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3.4 Explaining-the interannual-variability-Variance partitioning of interannual ASCAT frem-firn
propertiesvariability within the adopted framework

To examine how

in-interannual ASCAT backscatter variability projects
onto grain size and FAC within the adopted framework, we perform an Analysis of Variance (ANOVA) using the annual pro-
filesof grain size and FAC (i.e., 15 values for the period 2007-2021). ANOVA aHows-us-is used here as a variance-partitioning
tool to decompose the total-year-to-year varianee-variability in backscatter into the-portions-fractional contributions associated

)

with FAC, grain size, and-their interaction, thereby-quantifyingeach or'srelative- importance (Gelman, 2005). Because the

and a residual term (Gelman, 2005). This decomposition 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 not be interpreted as implying that the underlying firn—microwave scatterin
hysics are strictly additive. Moreover, because the optimized grain size is inferred by fitting FDM—SMRT simulations to AS-

CAT observations, the-variance-partitioning presented-here-this analysis should be interpreted as a conditional diagnostic within
the adopted framework rather than as an independent attribution of ASCAT variability. In-this-sense;the- ANOVA-is-used-to

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 range (IQR = Q75-Q25) of the ANOVA-

derived fractions after optimization: the FAC main effect frac, the grain-size main effect f,, the interaction term fracxr,

and the i O imexpramec - —— ~residual fraction

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 comparability across FAC bins) and does not modify the underlying physical sensitivity of ASCAT backscatter.

Finally, by plotting these binned statistics against the bin’s average FAC, we identify the FAC regimes in which grain size or

FAC has-alargerrole-inexplaining backseattercontributes more strongly to the partitioned ASCAT variability and quantify the
uncertainty (via the IQR bands) associated with each-compenent’s-explanatory-powerthese fractional contributions.

3.5 Assessment of the backscatter—-FAC relationship after grain-size standardization

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 7o 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,7,p¢) values across Antarctic ice shelves, we fit a smooth cross-cell central tendency rg¢q (FAC)
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(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 rsiq, 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 repq(FAC), we treat grain-size
variability as a nuisance source of scatter and obtain a more interpretable diagnostic backscatter-FAC curve that more directly
reflects the FAC sensitivity. Importantly, 74 (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 Agq 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 Results
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.
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 snowpack
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
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 from
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.

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. 1c
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
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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) RACMO?2 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.

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 ASCAT
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 deeply
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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 (Fig. 2b) targeted to five 27 km grid cells, two “healthy”
sites (Ross, Filchner—Ronne) and three “depleted” sites (Larsen-B, Amery, Baudouin), 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.

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 relatively
steeper compared to regions with low FAC. Note that the red (Ross) and yellow (Ronne) curves almost coincide because both
sample dry regime (FAC > 15 m), producing nearly identical backscatter signatures. For the samples situated on the slope of
the curve, even small errors in the modeled grain radius translate into multi-decibel biases in 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 (e.g., from 0.69
m in Larsen-B black line to 0.11 m in Amery blue line) causes backscatter to drop 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 o (p,) in Fig. 2c. The 2-D surface shows that at intermediate densities (roughly
p ~ 200 — 700 kgm~3; mid-FAC for a 20 m column), backscatter varies most strongly with grain size: moving from small to
moderate r produces large increases in ¢°, while changes in p 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 p, indicating that
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 is
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 biases-in-modeled-grain-sizediscrepancies
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 scale

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
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Figure 2. (a) 2007 — 2021 IMAU-FDM winter mean FAC at the Antarctic-ice-shelf-wide scale. Five samples are represented by black dots
from Ross, Amery, Baudouin, Ronne, and Larsen-B ice shelves. b) Sensitivity of FDM-SMRT simulated backscatter to grain size for five
samples, as shown by coloured lines. The coloured dots represent the observed winter mean ASCAT backscatter and IMAU-FDM grain size
for the corresponding sample. In the legend, the winter mean FAC values from IMAU-FDM are noted in brackets for the respective locations.

¢) 2-D sensitivity of FDM-SMRT simulated backscatter in color to grain size and density/FAC.

coupled simulations and ASCAT observations is illustrated in the Appendix (Fig. Al). 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-is-grain-size parameter is itself inferred by fit-
ting the model to ASCAT, this agreement should be interpreted as internal consistency within the adopted framework rather
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than—as-independent-validation—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

360 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

arameter retrieved by the inversion.
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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 AFS-wide-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.
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In Fig, 3a and b, we-ebserve-that IMAU-FDM ten
wvalaesgrain-size estimates are generally lower than the ASCAT-conditioned optimized effective values across much of the

ice-shelf domain. Large spatial variability in the optimized grain size is evident among East Antarctica, the Antarctic Penin-

sula, 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 processes such as melt-
water 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
with differences of approximately 8 mm (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 are
observedgrain-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 grainsizes-grain-size estimates
from IMAU-FDM closely align with the ASCAT-conditioned optimized values, falling near the 1:1 line (Fig. 3d);-hewever;

ize, although IMAU-FDM values are slightly higher in some locations. The
refreezing of meltwater impacts the snow structure by 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 bias-difference in grain size of -0.11 mm relative to the 1:1 line, with a standard

deviation of 0.71 mm. This large standard deviation is due to significant-underestimationsin-the-substantial negative differences
in depleted regions of Larsen-C-ice-shelf-and-overestimations-in-the Larsen-C Ice Shelf and positive differences in depleted

regions of Amery-ice-shelthe Amery Ice Shelf, where these points can be considered outliers s-deviating-that deviate markedly
from the 1:1 line.

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 iee-shelflce Shelf,
where the entire firn column is ice-saturated from the near-surface (i.e., at a depth of < 2 m), show severely-overestimated-grain
This is indicated by large difference in grain size, i.e. 2-8 mm (refer to Fig. 3c). However, as this depth increases, the grain
size-shifts-toward-pronounced-underestimation; 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 1:1 line. The exception is a small cluster of five
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points on Larsen-C, where IMAU-FDM underestimates-grain-size-grain-size estimates are lower than the ASCAT-conditioned
Wby several millimeters. These results highlight that white-the consistency between IMAU-FDM ean-perform

rain-size estimates and ASCAT-conditioned optimized

values is strongly regime-dependent, particularly with respect to the degree of ice saturation and the-associated firn processes.
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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).

4.4 Explained-varianeein-Variance partitioning of ASCAT backscatter frem-with respect to FAC and Grain

Sizegrain size

Fig. 5 synthesizes—the-contributions—of-summarizes the variance partitioning of interannual ASCAT backscatter within the

adopted framework, showing the fractional contributions associated with grain size (GS), FAC, their interaction (FACxGS),

and unexplained-varianee-to-the- ASCAT-backseattersignal-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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with grain size, FAC, their interaction (FACxxGS), and the unexptained-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.

5a). Here, the firn is more porous and is less frequently affected by melt-driven ice layers or saturation. These IQR trends also

remain consistent for the unexplained-residual contribution, suggesting that the dominant-contributors-to-ASCATvariability
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larger fractional contributions associated with FAC and grain size )-are-better-are more consistently captured by the model in

regions with FAC values > 10 m, leaving fewerunexplained-faetorsless residual variability.
As FAC falls below ~ 10 m, the red FAC contribution rises sharply while the grain-size fraction declines, marking the tran-

sition toward firn-saturated conditions where density controls backscatter. The FAC x GS interaction term is consistently small
relative to the main effects across FAC regimes, indicating that most explainable-varianee-is-captured-by-of the partitioned
variance is associated with the additive main effects of FAC and grain size rather than by-with their interaction. In low-FAC
regions, the firn is highly heterogeneous due to processes such as temperature-driven metamorphism, refreezing, and ice satu-
ration. These regions thus experienee-exhibit larger variability in both-FAC-and-grain-size-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 is 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 relative

reles-of-fractional contributions associated with grain size and FAC shift systematically with FAC.
4.5 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 under
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. C1b). 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).
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. This
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 proper-
ties, specifically grain size and FAC, on an Antarctic-ice-shelf-wide scale. Methodologically, we follow the same principle
of coupling a firn model (IMAU-FDM) with a radiative transfer model (SMRT) to interpret microwave signals and opti-
mize 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
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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.

physics-based melt detection; 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-based interpretations of firn state, such as the backscatter—melt relationships explored b
Alley et al. (2018). The

rain-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 interpretability 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 empirical/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 how
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 perform
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targeted 1-D/2-D sensitivity experiments (grain size and density/FAC) that delineate where ASCAT is microstructure- versus

ice-saturation-dominated and provide a forward-model rationale for when grain size is identifiable.

Turning to the spatial patterns that emerge from this framework, we find thatregions-with-high-FACexhibitlow-optimized
grain-size-vatues-broad agreement between IMAU-FDM grain size and the ASCAT-conditioned optimized effective parameter
in high-FAC regions, where both indicate relatively small grain sizes (approximately <0.5 mm)-which-aligns-with-theow-grain
size-modeled by IMAU-FDM-Overall-we find that These small values are qualitatively plausible for cold, dry firn with limited
meltinfluence 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 generatty-models

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-FDM to-two-primary
faetorserrors 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 grain
size in IMAU-FDM and (b) a lack of calibration in depleted conditions. The grain growth model used in IMAU-FDM as-

sumes 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. Physi-
cally, meltwater refreezing 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 sim-
plifying parameterization that limits refreezing-driven coarsening once grains exceed this value. This explains—the-smaller
grain—size—iR-parameterization may contribute to cases where IMAU-FDM ecompared—to-the-optimized-results—across—the
(Fig. 3¢), suggesting particularly in melt-affected regions such as Larsen-C. This suggests that refrozen layers may have-farger
WMWMW%MWW
than_represented by the IMAU-FDM -
underestimation—of-grain-—size-by IMAU-FDMgrain-size parameterization. By contrast, Amery s-depletedfirn——despite—its
W%&MMMMM IMAU-FDM severety

' . g - i grain-size estimates substantially higher

than the ASCAT-conditioned optimized effective values.
We-explain-these-contrasting-biases-by-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
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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 there is no prescribed maximum grain size in IMAU-FDM (Veldhuijsen et al., 2024). This feads—te

the formation-of targe grains; resulting in-severe- overestimation-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)). Consequently,—we-infer-that-either the parameterization-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 suggests that the IMAU-FDM grain-size parameterization may be poorly constrained in BMAU-FBM

)

s—pootty-constrainedforsuch-an-oldice-in-Amerys-depletedregionsold, depleted firn such as Amery, where ice saturation

begins at-the-near-near the surface (Veldhuijsen et al., 2023), or the-age-of-the-ice-itself-may-benot-cerreetthat 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, eausing-resulting in IMAU-FDM

additional-grain-size estimates that are lower than the ASCAT-conditioned optimized values. Additional calibration data from
hese-depleted-regions-will-mprove-the-accuracy-of -grain-size-estimates+n-1MAU-FPMdepleted 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 against
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-retrieved-ASCAT-conditioned effective
grain size closely matches the IMAU-FDM grain-size estimates (Fig. 3c), 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 size to in-situ grain-size measurements reported at sites DS 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-retrieved-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 a 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.

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 patterns
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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
535 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 tools
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-
540 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 adopted
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
545 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. For-
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

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

hese-ambiguous-cases;-the-branch-can-be-selected-with-simple-independent-priors<(e-g-Independent priors are therefore
mainly required in this low-backscatter regime, whereas the intermediate, locally monotonic 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
555 field-based grain size where available »-(Arioli et al., 2023), or guidance from firn models —(Veldhuijsen 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 independently 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
560 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 transfer
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

565 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
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multi-frequency observations would therefore be an important direction for testing whether the grain-size and FAC sensitivities
identified here are consistent across different penetration depths and scattering regimes.

5.1 LimitatiensMethodological scope and Future-Seopefuture 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 relatively more or less informative before discussing
the main methodological constraints and future developments. Confidence in the retrieval is highest where the sensitivity
experiments indicate sufficient grain-size leverage, particularly where the o~ response remains on the steep part of the curve

in grain size relative to density/FAC (Fig. 2b-c¢). This includes many dry-snow

and where the 2-D response surface is stee

and intermediate-FAC regions for which the optimized grain size remains physically consistent with the adopted EDM_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 strongly governed by density/FAC. In addition,
some dry, high-FAC regions exhibit elevated residual variability, indicating that unmodeled 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.

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

interpretive confidence is assessed from the forward sensitivity experiments, the regime dependence of identifiability, the
unexplained-residual ANOVA fraction, and the limited plausibility checks against available field observations. With-this-in
mind-a-firsthimitation-A first consideration concerns identifiability of grain size in the shallow-slope (“plateau”) regime of the
backscatter response (Fig. 2b-c). As shown by our sensitivity analysis, once the o'—r curve flattens (small 9o®/dr), 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 comparatively steeper in p,
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 where 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 r,p, where the response is steep in r (Fig. 2). Our 2-D sensitivity surface supports
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 r,p;. Conversely, at
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low- and high-density extremes (very high or very low FAC) the surface flattens in r and steepens in p, 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 unexplained-variance,—which-we-attribute-to-residual variability, which may
be consistent with unmodeled surface-process 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 peints—to-missing-surface-physiesmay indicate unrepresented
near-surface processes.
Addressing-thisresidual-requires-explieit treatment-of 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 contributions 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 aliasing 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

3

the adopted inversion framework.

The residual contribution in dry, high-FAC regimes may partly reflect surface processes rather than feiﬂfefpfe&ﬂg—fhefﬂ—&s

these-effeets—into-our-optimization—scheme—First,—we—will-alone. However, this interpretation remains a hypothesis within
the present framework, because surface roughness, snowdrift, and accumulation variability are not explicitly tested here.
These processes are plausible contributors because they can modulate ASCAT backscatter independently of grain size or

FAC (Cartwright et al., 2022; Poizat et al., 2024), but their relative importance cannot be quantified from the present analysis
alone. A future way to test this hypothesis would be to obtain independent constraints on surface roughness and drift/accu-

mulation patternste-g--, for example from in-situ roughness surveys (Shukla et al., 2024), azimuthal anisotropy proxies for
sastrug1 and microtopography (Cartwrlght et al., 2022) and-or snow- transport constaney-diagnestiesPoizatet-al;2024)to
diagnostics (Poizat et al., 2024). These

constraints could then be combined with a rough-surface scattering module in SMRT (Picard et al., 2018) to test whether
explicitly representing surface scattering reduces the residual contribution in fhe«fefwafd—medekﬁf—aeﬂvaﬂﬂg&}e—sm

high-FAC regimes.
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Aneotherlimitation-A related methodological constraint of our approach is the assumption of a constant grain size across

all layers up to 20 m depth during optimization. This approach is adopted to avoid under-representation—in—the—inversion
problemdue-to-the-an under-represented inversion problem, because a vertically resolved retrieval would require estimatin,

a large number of unknowns(i-e=-, including grain size and density/FAC for each layer)-that-must-be-inferred-from-a-single
backseatter-measurement—an-issue-that-has—, from a limited ASCAT backscatter observation space. Similar challenges have

also caused optimizer collapse in previous mutti-layerretrieval-attempis-{(Charrois-etal; 2046 Cluzetet-al-2020)multi-layer
retrieval attempts (Charrois et al., 2016; Cluzet et al., 2020). By 51mphfy1ng the 0pt1mlzat10n to a smgle representative grain

al%ewed—fe%ﬂae—pred&eﬁe%#obtam a stable and consistent gmﬂm%eesﬁma{eﬂeress—%heew Antarctic ice shelves,
mew&%mm
simplification, however, has important physical implications. A single column-wide grain-size parameter cannot represent
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, 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.

This limitation is consistent with previous work showing that grain size can vary significantly with depth s thereby-influencing
the-and that such vertical variability affects microwave scattering and absorption, especially from layers with larger grains

%ﬁ% Brucker et al., 2010). Accounting for depth-dependent grain

~could therefore refine the representation of firn mi-

by~ 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
QMMQMWMMMMeXpandmg the observation spacewith-, for example through multi-
sensor, multi-frequency . and multi-angular constraints. This could include

combining ASCAT with passive microwave observations such as AMSR-2 - r SMOS, SAR observations
such as Sentinel-1)-data, and

such as ROSE-L, NISAR

jointinversionframework<, and BIOMASS, which may provide complementary sensitivity to deeper firn layers. Such datasets
could support future joint inversion frameworks across frequency and incidence angle )-te-better—reselve-to better constrain

s-(in future, lower-frequency missions
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670 vertical grain-size heterogeneitys

- Advanced optimization

approaches, such as Bayesian optimization (Pan et al., 2017) or genetic algorithms (Tedesco and Kim, 2006 )ceuld-efficientlysearch
eoupling;, may also help explore depth-varying parameterizations more efficiently, but would still require sufficient observational
constraints to avoid non-unique solutions.

675 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 a
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

680 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 mixin
by 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

685 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 the
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.

690 A further practical consideration is the computational cost of the present implementation. The current inversion was designed
as a research-scale framework to test the physical consistency and interpretability of ASCAT-constrained grain-size 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 additional methodological
development. Possible routes include reduced-order formulations, pre-computed lookup tables, surrogate or emulator-based

695 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 deployment would require further

optimization of the inversion framework.
In the future, improved spatial resolution surface mass balance (SMB) products from RACMO at 2 km (Noél et al., 2023)

could be utilized to simulate firn profiles from IMAU-FDM with enhanced resolution. This would be invaluable for our analysis,
700 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.
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.
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6 Conclusions

FEDM_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 present a new estimate-of grain-size derived from
optimizing-the differences between FDM-SMRT-ASCAT-constrained grain-size retrieval parameter, inferred by minimizing
the mismatch between FDM—SMRT coupled simulations and ASCAT observations. Our findings reveal significant spatial
variability in eptimized-grain-size-compared-to-the-estimates—from-the optimized effective grain-size parameter relative to
IMAU-FDM grain-size estimates. In regions with a dry snowpack, the optimized estimates-values closely align with the-medel
predietionsIMAU-FDM estimates. However, as FAC decreases, many-regions-experience-an—underestimation—of-grain-size
by IMAU-FDM-n-depleted-areas-with-lowFAC 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 in

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 instaneein-the-depleted-region-of-Amery; IMAU-FDM-significantly-overestimates-grain-size;-as-example,
in depleted regions of the Amery Ice Shelf, where the firn column is-entirely-iee;startingfrom-a-becomes ice-saturated from
near-surface depth-of-0-4-m—Thisleads-to-largergrain—sizesinthe-model-because-itla a-axHt-grain-size-€o ARt

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 areas-regions such as Larsen-C, where the depth of complete ice saturation inereases;such-as

ASCAT-conditioned optimized values; this may partly reflect the refreezing scheme in the model, which inhibitsgrain-grewth
when-limits additional refreezing-driven grain growth once grain sizes exceed 0.25 mm. We-find-that-within-Within the adopted

framework, we find that C-band backscatter is most sensitive to grain size in several firn regimes, and that the backseatter—FAC
backscatter—FAC relationship becomes more interpretable once grain-size effects are reduced. This provides a proof of con-
cept 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 FAC on-to ASCAT variance, we found-that-a)-find that
dry ice shelves, such as Ross and Filchner--Ronne , show enhanced sensitivity of backscatter to grain-size-grain-size varia-
tions, whereas b)-the-backscatter variability is strongly-controlled-by-more strongly associated with FAC variations in depleted

iee—shelfregions—of-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 for shifts in firn conditions that are relevant to the stability of Antarctic ice shelves. Furthermore, our
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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/
zenodo.10723570; Veldhuijsen, 2024). The continent-wide IMAU-FDM profiles and the optimized grain-size dataset produced in this study
can be obtained from the authors upon request. The processed data package required to reproduce the figures presented in this study, including
the optimized microwave grain-size dataset and figure-ready intermediate outputs, will be made publicly available through a permanent data

repository before final publication.

Appendix A: FDM-SMRT Coupled Simulation vs ASCAT Observation

Fig. Al 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.

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

Fig. B1 presents a side—by—side—side-by-side comparison of the ANOVA-ANOVA-based variance partitioning of ASCAT
backscatter varianee-within the adopted framework, using the IMAU-FDM modeled grain size (panels a—d) versus out-the

optimized grain size (panels e-h).

In Fig. Bla, the explained-variance-due-to-fractional variance contribution associated with repy shows a spatially heteroge-
neous pattern, with certain regions in West Antarctica exhibiting moderate contributions. By contrast, Fig. Ble demeonstrates
shows that after optimization, grain size (rop) explains-is associated with a much larger fraction-of-fractional contribution to
ASCAT backscatter variability, especially across the dry ice shelf regions of the-West Antarctica and the East Antarctica, and
portions of the Antarctic Peninsula. These regions fall into the intermediate— high-FA€-to high-FAC regime (i.e., = 12-25m

FAC in Fig. 1b, representing the right side of the inverted U-curve), where our-optimized-grain-size-accountsfor-backseatter

vartability-mere-consistently-the optimized grain-size term contributes more consistently to the partitioned ASCAT variabilit
within the adopted framework.

By construction, part of the-vartanee-this increase is expected:-, because rop is obtained by fitting SMRT to ASCAT year
by year, so variance that previously sat-with-projected onto FAC or the residual is reallocated to rop¢ 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., 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).
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Figure Al. 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.

Fig. B1b highlights the variance-explained-by-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, the relative contribution-of FAC-to-backseatter-varianee 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 -size-term-now
abserbs-much-of-the-variability-that-was-eaptared-by-FAC-varitation-when-modelled-grain-sizes were used. However, depleted
firn regions near the grounding line of Amery, Larsen-B, and George-VI ice shelves still exhibit relatively high-explained
vartaneelarge FAC-associated contributions. This indicates that regions in—on_the left side of the inverted U-curve display
enhanced sensitivity of ASCAT backscatter to FAC variations. From a physical perspective, we expect depleted regions to have

larger grains where the density reaches-the-density-ef-the-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
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effect on backscatter, as also demonstrated in Fig. 2. Fig. Blc demenstrates-the-combined-(shared)-variance-explained-by-shows

the shared fractional variance contribution associated with FAC and rrpyr, shewing-indicating only limited interaction between
the two, especially in regions of West Antarctic ice shelves. In Fig. Blg, this eembined-effeet;shared contribution decreases
further after optimization, furtherreduces-the-explained-varianee-particularly in localized regions where 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 unexplained-variance-dominates-acrossresidual variance contribution
is_large across much of the Antarctic ice shelves. This indicates thatbefore-optimizationneither—, prior to optimization, the
eram size, FAC, nor-theirshared-influence-can-accountfora-significant-portion-of-the

and their interactions remain small relative to

ML@%@MM&WWM@M@% in isolated parts of the Antarc-
tic Peninsula, Ross, and Roi Baudouin ice shelves), the overall reduction hi i
in-eapturing ASCAT backseatter variability_suggests that grain-size optimization captures a larger share of the partitioned

Appendix C: 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. C1. In regions with high FAC
(> 20 m), the optimized grain size remains low and closely aligns with IMAU-FDM grain size. This likely reflects lim-
ited melt in these areas, which typically maintain a dry snowpack that is well represented by IMAU-FDM. At intermediate
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 re-
peated 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-saturated

conditions.
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Figure B1. Spatial maps-distribution of the-fraction-of-fractional variance contributions to interannual ASCAT backscatter variance-explained

ithin the adopted framework, associated with FAC, grain size () and their interaction, before and after grain—size optimization. Panels

(a—d) show ANOVA using IMAU-FDM model grain size (rrpwm): (a) contribution of repw, (b) of FAC, (¢) their shared FAC Xrppwm term, and
(d) unexplained-residual variance contribution (erpm). Panels (e-h) show the same decomposition after replacing rrpm with our ASCAT-
optimized grain size (ropt): (€) ropt, (f) FAC, (g) FACXTopt, and (h) unexptained-residual variance contribution (eopt).

36



1040 e Amery 10 e Amery
. » Larsen-C » Larsen-C
° « George Vi « George VI
. » Baudouin + Baudouin
e s Shackleton « Shackleton
£ 84 * Ross 8 * Ross
) o Rest —_ Rest
-'u—\.: £ —— Power-Law Fit
c |” E |-
‘® [
[
G 6 ° & 6
5 =
g o
o S le .
L - °
£ g
3 — 4
s’ . E
= o
e )
2
<
= 2 2
. . .
'.’.. "o' outat s
Rl .&M
0 - 0
a) 0 5 10 15 20 25 30 b) 0 5 10 15 20 25 30
IMAU FDM Winter Mean Firn Air Content [m] IMAU FDM Winter Mean Firn Air Content [m]

Figure C1. 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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