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Abstract. Snow on Antarctic sea ice strongly affects ther-
modynamic processes, sea ice mass balance, and microwave
remote sensing, yet its spatial variability and characteristic
length scales remain poorly quantified. The aim of this study
is to provide a spatially extensive, layer-resolved character-
ization of Antarctic late-summer snow on sea ice and, for
the first time, to quantify the variability of snow properties
and their horizontal correlation length scales on first-year
(FYD and multi-year ice (MYI). We use a unique combi-
nation of manual snow pit observations and more than 900
SnowMicroPen (SMP) profiles collected along meter-scale
transects during three expeditions in the Weddell Sea be-
tween 2018 and 2021. Snow stratigraphy and microstructural
classes were derived from SMP force data using a super-
vised one-dimensional convolutional neural network trained
on manually classified SMP profiles. Across both sea-ice
regimes, intrinsic properties of individual snow types, includ-
ing density and specific surface area, were broadly similar.
Differences between FYI and MYTI instead arise from con-
trasting snowpack structure, snow type fractions, and spatial
coherence, with MY characterized by a higher prevalence of
dense melt-freeze layers and enhanced vertical heterogene-
ity. Spatial autocorrelation analyses reveal pronounced scale-
dependent variability, with snow properties on FYI decorre-
lating over short distances, while MYT exhibits substantially
higher spatial coherence. Individual ice floes capture only
about 50 % of the snow density variability characteristic of
their respective ice regime, underscoring fundamental lim-
its to the representativeness of point measurements. A hier-

archy of variability emerges, in which snow type fractions
and layer thickness dominate snowpack heterogeneity, while
bulk snow density is comparatively homogeneous across spa-
tial scales. These results demonstrate that Antarctic sum-
mer snow variability is governed primarily by stratigraphic
composition and ice-regime-dependent snowpack evolution
rather than bulk-integrated properties. These findings em-
phasize the need for spatially distributed observations and
stratigraphy-aware parameterizations to improve the repre-
sentation of snow on Antarctic sea ice in remote-sensing
applications and sea ice and climate models. In particular,
the relative consistency of specific surface area within snow
types across ice regimes provides observational constraints
that can be evaluated for future microwave-emission and
radiative-transfer modeling studies.

1 Introduction

Snow on sea ice fundamentally alters the thermodynamic and
physical properties of the sea ice cover and governs exchange
processes across the atmosphere-ice-ocean interfaces. In the
Antarctic, where sea ice remains snow-covered year-round
in most regions (Massom et al., 2001), snow plays an even
more critical role: it promotes negative ice freeboard, which
can lead to surface flooding and thereby facilitate the forma-
tion of snow-ice through refreezing of seawater-soaked snow
layers (Tian et al., 2020). In addition, during summer, perco-
lating internal snow meltwater can refreeze within the snow-
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pack to form superimposed ice layers with dense melt-freeze
clusters, modifying the snow-ice interface (Haas et al., 2001).
Both seasonal snow transition processes, snow-ice formation
and superimposed ice formation, are reflected in the mete-
oric ice fraction. In addition, seasonality is expressed in pro-
nounced variations in density, thermal conductivity, water
content, microstructure, and stratification, within the snow-
pack. Overall, the snowpack on sea ice is a complex and
highly variable medium with important implications for the
sea ice energy and mass budgets (Nicolaus et al., 2009).

However, the knowledge on these snowpack character-
istics is largely limited to in-situ observations and mainly
based on snow pits (Arndt and Paul, 2018; Toyota et al.,
2011; Arndt, 2022a). Traditional snow pits are performed
manually by digging a hole into the snow to expose
the vertical snow structure. They provide comprehensive
stratigraphic and microstructural information but are time-
consuming, restricted to individual locations and observer-
dependent (Lépez-Moreno et al., 2020). Multiple snow pits
can extend horizontal coverage, but are labor-intensive and
rarely performed over larger spatial scales (Arndt and Paul,
2018), even though snow characteristics are highly variable
on very small scales (Komarov et al., 2018; Arndt, 2022a).
As a result, observational data on Antarctic snow is sparse
and snow on Antarctic sea ice remains poorly characterized
beyond local scales. An understanding of large-scale vari-
ability is missing, despite the importance of snow for Antarc-
tic sea ice processes.

In remote sensing applications, the limited knowledge of
snow properties and particularly its microstructure poses ma-
jor challenges. Variations in density, grain size, layering, and
the presence of refrozen internal melt layers as well as me-
teoric ice layers at the snow-ice interface strongly influence
microwave emission and scattering processes (Royer et al.,
2017). These effects introduce substantial uncertainties into
microwave emission models and, consequently, into parame-
ters derived from space-borne microwave observations, such
as sea ice concentration and ice type (Durand et al., 2011;
Tonboe et al., 2022). Radar altimetry, in particular, remains
limited by the complex snow-ice interface, as scattering of
commonly used Ku-Band radars frequently occurs within the
snowpack rather than at the true snow-ice boundary, leading
to substantial uncertainties of radar sea ice thickness esti-
mates (Price et al., 2019). Uncertainties in remote sensing
products of snow and sea ice, in turn, limit our ability to val-
idate large scale sea ice and climate models (Bocquet et al.,
2024; Lavergne et al., 2019).

Another major limitation is that most snow knowledge is
derived from point-scale observations (meters) while models
and satellite retrievals require information representative of
much larger spatial scales (kilometers to basin-scale) (Sand-
ven et al., 2023). Capturing the spatial variability of layer-
resolved snow density and microstructure is thus fundamen-
tal for improving snow process understanding and advancing
both modeling and remote sensing of Antarctic sea ice, bridg-
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ing the gap between local-scale snow processes and large-
scale system representation. Yet, comparable layer-resolved
and snow type-specific datasets remain sparse in the Antarc-
tic, both temporally and spatially, with few observations re-
solving microstructural layering, density gradients, or spe-
cific surface area (SSA).

To address the outlined issues, Arndt and Paul (2018) in-
vestigate the variability of winter snow properties on Antarc-
tic sea ice based on traditional snow pits, revealing pro-
nounced small-scale heterogeneity. However, their analysis
is confined to winter conditions and length scale correla-
tions limited to local-scale observations (up to 10 m). Arndt
(2022a) further extends this work by examining bulk density
distributions of summer snow using SnowMicroPenetrom-
eter (SMP) profiles. The SMP offers an efficient approach
to rapidly characterize snow structural properties, including
density and SSA, through mechanical resistance profiles in
sub-millimeter-scale vertical resolution and independent of
the observer, and therefore, yields a substantially larger num-
ber of vertical profiles, offering a higher spatial coverage.
Arndt (2022a) highlights regional differences in snow den-
sity but does not resolve snow stratigraphy or microstruc-
tural types, nor assess the spatial scales of variability. Be-
yond these studies, few datasets exist that combine detailed
vertical snow structure with spatial context in the Antarctic.
While these studies highlight differences between first-year
ice (FYI) and multiyear ice (MY]) snowpacks, a systematic
assessment of how internal snowpack microstructure varies
between ice types as a result of contrasting surface morphol-
ogy and accumulation—melt histories has not yet been con-
ducted for Antarctic snow.

In contrast, studies from the Arctic demonstrate the poten-
tial of SMP measurements to bridge the gap between point-
scale observations and spatially representative snow char-
acterization. Using SMP profiles conducted along transect
lines, King et al. (2020) quantify local-scale heterogeneities
and correlation length scales of snow characteristics, includ-
ing snow type fractions of the vertical snow column. Macfar-
lane et al. (2023) emphasize that detailed knowledge of snow
microstructure can improve the parameterization of thermal
conductivity in models and that SMP-based snow type clas-
sification offers a promising step toward this goal. How-
ever, snow microstructural properties such as grain or snow
types are not directly measured by the SMP and must be in-
ferred from characteristic features of the penetration signal.
At the same time, manual interpretation and classification of
snow layers from SMP penetration signals is highly time-
consuming and not feasible for large datasets. Automated
classification methods therefore provide a practical alterna-
tive.

To address this challenge, recent studies have demon-
strated the capability of machine-learning approaches to au-
tomatically segment and classify snow types from SMP pro-
files (King et al.,, 2020; Kaltenborn et al., 2023). While
these approaches significantly reduce the effort associ-
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ated with manual signal classification and interpretation,
Kaltenborn et al. (2023) show that classification performance
and training effort depend strongly on the chosen algorithm.
They show that artificial neural networks (ANN), especially
Encoder-Decoder and Long-Short-Term-Memory (LSTM)
models, achieve the best classification results, while also re-
quiring the most algorithm training and parameter tuning
effort. Among the ANNs, One-Dimensional Convolutional
Neural Networks (1D-CNN), which are a modified Encoder-
Decoder architecture, have been shown to efficiently classify
one-dimensional sequential data with a rather simple net-
work infrastructure, and to be stable with limited amounts of
data (Kiranyaz et al., 2021). 1D-CNNs have therefore been
used increasingly in the past years and shown to success-
fully segment and classify one-dimensional continuous sig-
nals such as seismic data series (Ross et al., 2018; Nakano
and Sugiyama, 2022). Compared to the LSTM, which only
considers data points from layers above a certain snow layer
(i.e., past time steps), the convolutional kernel also incorpo-
rates data from lower snow layers for a prediction. While
Kaltenborn et al. (2023) also provide an openly available al-
gorithm and trained models, these were developed for Arctic
snow conditions, and do not generalize well to Antarctic con-
ditions/snow types.

Consequently, despite clear advances in automated snow
characterization from SMP measurements, Antarctic sea ice
still lacks spatially extensive, layer-resolved observations of
snow structure and snow type variability. Bridging this gap
requires adapting recent Arctic machine-learning approaches
to Antarctic-specific snow conditions.

To address these observational and methodological gaps,
the study presented here builds on recent Arctic advances in
machine-learning-based SMP classification and adapts them
to Antarctic sea ice using a unique, spatially extensive sum-
mer dataset. We provide a quantitative assessment of Antarc-
tic summer snowpack properties on both FYI and MYT using
a combination of snow pit observations and high-resolution
SMP measurements. A supervised 1D-CNN classifier trained
on snowpit-derived snow types is applied to more than 900
SMP profiles spanning transects of up to 60 m. This frame-
work enables classification of snow structural layers and
evaluation of key physical properties such as density and
specific surface area by snow type. Through spatial auto-
correlation analyses, we derive characteristic length scales
of variability and assess differences in snow structure and
variability between FYI and MYI. The results provide a
process-based understanding of Antarctic snow organization
across scales and establish an observational foundation for
improving model parameterizations and the interpretation of
remote-sensing data over snow-covered sea ice.
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2 Field Data
2.1 Sampled ice stations

The field measurements presented in this study were col-
lected during three expeditions of the German research ice-
breaker RV Polarstern to the Weddell Sea in late austral sum-
mer, from January to March. In total, 28 ice stations were
sampled (Fig. 1), including 9 ice stations conducted during
expedition PS118 in the northwestern Weddell Sea in 2019
(Arndt et al., 2021), and 19 ice stations carried out in the
southeastern Weddell Sea during expedition PS111 in 2018
(Arndt et al., 2018), and PS124 in 2021 (Haas et al., 2021).

By sampling different regions, contrasting sea ice regimes
were investigated, encompassing a total of 19 first-year and
9 multi-year ice floes, with sampling sites selected based on
accessibility and representativeness of the respective ice floe.
At all ice stations, a comprehensive sea ice physics and bio-
logical program was carried out, comprising measurements
of sea ice thickness and snow depth distributions across in-
dividual ice floes, extensive ice coring for subsequent anal-
yses of internal sea ice structure and biogeochemical com-
position, vertical snow characterization, and, at selected sta-
tions, the deployment of autonomous ice-tethered platforms
(Arndt et al., 2018, 2021; Haas et al., 2021). The presented
study uses the snow pit, SnowMicroPen (SMP), snow depth
and sea ice thickness observations (Table 1) described below.

The snow analysis program typically consisted of one to
three manually characterized and sampled snow pits, which
were co-located along the conducted SnowMicroPen (SMP)
transect, for the respective connection of both measurement
techniques.

2.2 Snow pit measurements

During PS111, 12 snow pits were excavated at 5 different
ice stations (Arndt, 2022c), during PS118, 18 snow pits were
excavated on 9 floes (Arndt, 2021), while during PS124 an
additional 20 snow pits were excavated on 14 floes (Arndt
and Haas, 2022c). At each site, snow pits were excavated
down to the snow-ice interface, while all measurements were
conducted on the shaded, undisturbed working wall of the
snow pit to minimize the influence of direct solar radiation
and external disturbances.

All snow pit characterizations comprised a vertical analy-
sis of internal stratigraphy as well as measurements of con-
tinuous snow temperature and density profiles. In addition,
snow samples were collected for subsequent analyses of
snow salinity and isotopic composition. Snow stratigraphy
was recorded through visual inspection, assessment of fin-
ger hardness, and marking of layer boundaries, with a ver-
tical resolution of approximately 0.5 cm. For each identified
layer, snow grain characteristics were determined using an
8x magnifying glass and a millimeter-scale grid card, en-
abling classification of the dominant grain type and size.
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PS111 (Feb-Mar 2018)
PS118 (Feb-Mar 2019)
PS124 (Feb-Mar 2021)
February 2018 ice edge
February 2019 ice edge
February 2021 ice edge

Figure 1. Location of all sea ice stations presented in this study at which snow pit and SnowMicroPen (SMP) measurements were acquired
and analysed. All stations were sampled in the late austral summer during the three RV Polarstern cruises PS111 in 2018 (blue circles),
PS118 in 2019 (gray squares), and PS124 in 2021 (yellow triangles). The background sea ice extent for February 2018, 2019 and 2021 is
based on EUMETSAT OSI SAF (2022, 2026), drawing the ice edge at a sea ice concentration threshold of less than 0.15.

Table 1. Overview over the measurement sites and snow observations collected during the RV Polarstern expeditions PS111 (2018), PS118
(2019) and PS124 (2021) in the Weddell Sea, Antarctic. The number of samples ice floes is separated into First-Year-Ice (FYI) and Multi-
Year-Ice (MYI). Mean snow depth and total sea ice thickness are given as mean = standard deviation and are derived from MagnaProbe
and GEM-2 measurements respectively, presented in Arndt et al. (2018, 2021); Haas et al. (2021). Also listed are the number of snow pit
observations and SnowMicroPen (SMP) profiles collected during each campaign.

Campaign  Period #FYI #MYI Meansnow Meantotalice # Snow # SMP

floes floes  depth [cm] thickness [cm] pits  profiles

PS111 8-18 Feb 2018 4 1 29+15 143 £84 12 202

PS118 22 Feb-13 Mar 2019 2 7 2612 239476 18 304

PS124 10 Feb-11 Mar 2021 13 1 34+£22 168 95 20 415
Based on the identified stratigraphy and grain character- ually from the snow pit wall by testing the penetration resis-
istics, each snow layer was classified following Fierz et al. tance using standard hand tests (fist, four fingers, one finger,

(2009), with categories including typical snow grain shapes pencil, and knife), following Fierz et al. (2009). All snow
such as rounded (RC), faceted crystals (FC), depth hoar pits and layer classifications were done by the same observer,
(DH), melt-freeze forms (MF), ice formations (IF), surface ensuring maximum comparability of the snow classification

hoar (SH), new snow (NS), slush, and combinations thereof. across the dataset.

Layers were further characterized according to Sommer- Snow density was measured continuously from the air-
feld and LaChapelle (1970) using metamorphic classification snow interface downward toward the snow-ice interface, us-
stages ranging from 1-A (new precipitated particles) to IV-B ing a density cutter with a fixed volume of 100 mL and a
(melt-freeze and pressure metamorphosed snow), providing height of 3 cm. Extracted snow samples were weighed using
insights into the dominant metamorphic processes within the a spring scale. Density measurements were considered valid
snowpack. The hardness of each layer was determined man- only when the cutter was properly filled. In some cases, hard
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ice layers near the snow-ice interface prevented density pro-
files from extending to the base of the snowpack.

2.3 SnowMicroPen (SMP) measurements

While manual snow pit measurements, in particular the re-
trieval of snow density and specific surface area (SSA), are
time-consuming and provide only limited vertical resolution,
additional measurements were conducted using the SnowMi-
croPen (SMP; generation 4; developed by Schneebeli and
Johnson, 1998), a high-resolution penetrometer for resolving
snow mechanical properties.

The SMP records penetration resistance as a function of
depth by vertically driving a sensor tip into the snowpack at a
constant speed of 20 mm s~!. It provides a vertical sampling
resolution of approximately 4 um, corresponding to about
250 force measurements per millimeter. The instrument has a
force resolution of 0.01 N and a maximum force threshold of
41N, beyond which measurements are automatically termi-
nated, which occurred primarily on multi-year ice floes char-
acterized by extensive basal melt-freeze layers. In addition,
the total snow depth at every sampling point was measured
using a standard snow depth probe.

To assess spatial variability, SMP profiles were collected
along transects ranging from 5 to 64 m in length, with hori-
zontal spacing between individual profiles of 0.5 to 2 m. For
correlation length analysis, only transects with 10 profiles
or more were considered. Out of those 26 longer transects,
of which 17 transects were on FYI and 9 on MYI, 10 tran-
sects were between 60 and 64 m long, 10 transects between
36 and 50 m and 6 transects were 19-31 m long. Transects
lengths were on average 49 m on FYI and 40 m on MYL. A
total of 304 SMP profiles were acquired in the northwestern
Weddell Sea (Arndt and Haas, 2022a) and 617 in the south-
eastern Weddell Sea (Arndt, 2022b; Arndt and Haas, 2022b).
Co-located SMP measurements were conducted at 50 snow
pit sites, where SMP profiles were acquired in close proxim-
ity to the snow pits, allowing a direct comparison between
SMP-derived measurements and manually determined snow
stratigraphy and density.

2.4 Processing of SMP force data

The retrieved SMP profiles represent the bonding strength
between snow grains (Proksch et al., 2015; Calonne et al.,
2020). With appropriate assumptions and calibration, pen-
etration resistance data can be converted to snow density
and SSA, following the approach of Calonne et al. (2020).
This parametrization was selected because it yields den-
sity profiles consistent with the co-located snowpit density
and stratigraphy observations, and provides both density and
SSA, which are required for this study. Also, snow pit tem-
peratures within our dataset ranged from 0 to —7 °C, with
a mean of —3.3°C and a mode of —1.7°C, and therefore
still fall within the temperature range relevant to the Calonne
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et al. (2020) parameterization. Although Arctic sea-ice spe-
cific SMP density coefficients have been proposed by King
et al. (2020), no corresponding SSA retrieval is available. All
SMP data processing was performed using the Python pack-
age snowmicropyn.

The bulk snow density of each profile was calculated as
the weighted mean of the SMP-derived density values over
the full snow depth. To quantify the variability of the anal-
ysed parameters, the relative standard deviation (RSD) was
calculated as the ratio between the standard deviation (SD)
and the mean value of each parameter.

For snow-type specific density and SSA, values were av-
eraged over each contiguous classified snow layer. Probabil-
ity density distributions, and statistical comparisons of snow-
type density and SSA were calculated from the resulting
layer-mean values. To test for differences in the mean values
of the analysed parameters between FYI and MYI, Welch’s
t-test was applied, which does not assume equal variances,
with a significance threshold of p < 0.05.

2.5 Correlation length analysis

To investigate structural similarities in the snowpack at larger
spatial scales and assess differences between the ice types,
these characteristic length scales were quantified. The spa-
tial autocorrelation of snow type composition was computed
using Moran’s I (Moran, 1950). Moran’s / is computed as

I1(d) = % . Dz jwij (h) (xi —_)22) (xj — %)
2 (xi —X)

where w;j(h) =1 if |x; — x;| falls within the distance bin
h, and w;;(h) =0 otherwise. Here, W = Zi#wij (h) cor-
responds to the number of profile pairs within the bin. The
variable x denotes the fractional contribution of a given snow
type at locations i and j, separated by distance d. The equa-
tion was evaluated for all profile pairs separated by distance
d, in increments of 1 m, and independently for each snow
type. Distances between the profile pairs were calculated
from the location of SMP profiles along transect lines mea-
sured with a tape measure. Because the number of transects
and profile pairs decrease strongly for larger lag distances,
we restrict the physical interpretation to lag distances of ap-
prox. 35 m. Values at greater distances are not interpreted as
robust spatial signals.

6]

3 Classification of SMP profiles by layer type

To quantify the stratigraphic variability of the Antarctic
snowpack, SMP profiles were segmented and classified by
snow layer type using a combination of manual labeling and
an automated One-Dimensional Convolutional Neural Net-
work (1D-CNN) deep learning algorithm. Of the total 921
SMP profiles collected in this study, 155 were manually eval-
uated and labeled to provide the reference dataset. The re-
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maining profiles were classified using the 1D-CNN, after
training and fine-tuning the model to the specific characteris-
tics of the Antarctic snowpack.

3.1 Manual classification and data pre-processing

Manual classification of the SMP profiles was based on char-
acteristic features of the raw penetration force signal, includ-
ing signal magnitude, frequency, gradient, and the overall
signal shape. In an initial step, all SMP profiles co-located
with the 50 snow pit sites were analysed to identify char-
acteristic signal patterns associated with snow types deter-
mined from the corresponding snow pit observations, as sug-
gested by Kaltenborn et al. (2023). In a second step, the re-
sulting classification scheme was applied manually to a sub-
set of SMP profiles. Here, a total of 155 profiles were seg-
mented and classified, which were randomly selected from
each campaign in proportion to the total number of profiles
acquired per expedition (PS111: 37 of 202 profiles; PS118:
49 of 304 profiles, PS124: 69 of 415 profiles), ensuring a
balanced representation across campaigns and regions. A fi-
nal consistency check was then performed to ensure internal
coherence of layer segmentation and snow type assignment.
The manually labeled dataset served as the training input
for the automated classification algorithm. Pre-processing of
the SMP profiles followed the approach of Kaltenborn et al.
(2023) and their snowdragon framework. This included
the detection of the snow surface and snow-ice interface us-
ing the snowmicropyn package, the replacement of nega-
tive force values with zeros, and the aggregation of the force
signal into 1 mm depth bins. For each bin, the mean, vari-
ance, minimum, and maximum force were calculated, along
with the same metrics calculated over a larger 4 mm rolling
window. Additional derived features included distance from
the snow surface and the first and second derivatives of the
force signal. Furthermore, the parameters deflection at rup-
ture in mm (§), mean rupture force ( f), Element size (L), in-
tensity of point process (1), as well as the median force (Fy,),
calculated within a 4 mm context window, were derived us-
ing the Poisson shot noise model of Lowe and Van Herwi-
jnen (2012). These are the same parameters used to derive
density and SSA from the raw force signal. All 18 features
were normalized prior to training using feature-wise Z-score
normalization with the pre-computed training set statistics.

3.2 Automated learning and classification

To train the 1D-CNN only the most common snow layer
classes were used: wind slab, rounded and faceted snow,
depth hoar and melt-freeze forms. Despite their different
snow evolution processes, rounded and faceted snow layers
were combined into one single class, as the SMP penetration
signal was very similar for both cases and was hard to dis-
tinguish during manual labeling. Any ambiguity in the labels
then translates to an ambiguous algorithm.
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Rare or weakly expressed layers, such as surface hoar or
new snow were excluded. To address the imbalance between
snow class occurrence, class weights inversely proportional
to their frequency of occurrence were applied in the calcu-
lation of the Cross-Entropy loss function. Without weight-
ing, the more frequent snow classes like rounded and faceted
would contribute more strongly to the loss function, so that
the model could achieve good overall performance while per-
forming poorly on the less frequent classes.

The pre-computed features derived per 1 mm bin from the
original SMP signal during the pre-processing were used
as input features for training, while the manually identified
snow type, i.e. the snow class label integer, served as a train-
ing target. We therefore set up the experiments as a super-
vised learning, multiclass problem, and used the weighted
Cross-Entropy Loss function accounting for class imbalance
to guide the optimization process. By separating each profile
into 1 mm bins, a total of 7713 408 training input data points
were created, although this represents correlated bins within
a limited number of 155 independent profiles.

Structurally, the network consists of four convolutional
layers. Three of these are used to extract relevant feature
channels along the snow profile, while the final (fourth) layer
serves as a classification layer that projects the learned fea-
tures into the corresponding snow classes. The rectified lin-
ear unit (ReLU) was used as the nonlinear operator. A ker-
nel size of 5 was employed in the first layer to slide along
the SMP profile’s depth axis and capture local correlations.
The subsequent layers, using the same kernel size, were in-
tended to capture information at a gradually more global
scale, while still operating within the limits of a single SMP
profile, since we do not concatenate SMPs together. The fi-
nal classification layer is a 1 x 1 convolution, which operates
exclusively across the extracted feature channels, as opposed
to the SMP’s depth axis. The output consisted of the four
selected classes wind slab, rounded/faceted, depth hoar, and
melt-freeze forms.

Each full SMP profile was treated as an independent sam-
ple and fed to the 1D-CNN. To evaluate the performance of
the classifier during and after training, the manually labeled
SMP profiles were divided into separate training, validation,
and test subsets. A split of 80 % for training, 10 % for val-
idation, and 10 % for testing was applied. The division was
performed randomly at the profile ID level to preserve the
internal coherence of each SMP measurement. This ensured
that the full vertical structure of each profile remained intact,
providing the necessary depth context for layer classification
while preventing segments of the same profile from being
distributed across different subsets. Uniform random split-
ting ensured that profiles from all three expeditions (PS111,
PS118, PS124) were represented proportionally in each sub-
set, preventing biases toward specific regional conditions.
During training, model performance was evaluated using
class-weighted accuracy, precision, recall, and F1-scores, as
well as confusion matrices for the validation set.
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After hyperparameter tuning and performance evalua-
tion based on the initial 80 % / 10 % / 10 % split, the best-
performing model checkpoint was further fine-tuned using
an 80 % training and a 20 % validation split, where the for-
mer validation and test subsets were combined into a new
larger validation set. This consolidated final model was sub-
sequently applied to the remaining 766 unseen and unlabeled
SMP profiles to infer the snow type at each 1 mm depth bin.

3.3 Verification and uncertainties of an automated
classification

As the majority of the 921 SMP profiles were classified auto-
matically, we evaluate whether the CNN predictions are suf-
ficiently accurate and internally consistent to replace manual
labeling for the remaining profiles. The objective is not to
identify an optimal or universally transferable classification
method, but to assess whether the automated classification is
sufficiently reliable for the purposes of this study.

Classification performance was evaluated on independent
validation and test subsets using class-weighted accuracy,
precision, recall, Fl-scores, and confusion matrices at the
1 mm bin level. The validation subset was used for hyperpa-
rameter tuning, while the labeled test subset remained com-
pletely unseen and served as an independent performance as-
sessment. While the large number of bins provides robust
statistics, bins are vertically correlated within 155 indepen-
dent SMP profiles. Because rare or weakly expressed snow
types, such as new snow, surface hoar, or thin ice lenses,
were excluded from model training due to insufficient sam-
ple sizes, their occurrence in the full dataset may be locally
misclassified as the most similar major snow type.

Table 2 shows the normalized confusion matrix for the val-
idation and test datasets.

Wind-slab and rounded and faceted snow reach the high-
est true-positive rates during validation, with more than 80 %
of samples correctly classified, while depth hoar and melt-
freeze forms show slightly lower true-positive rates of around
70 %. During testing rounded and faceted, depth hoar and
melt-freeze forms, achieved true-positive rates comparable
to those observed during validation, indicating stable gener-
alization performance.

When misclassified, Wind-slab samples are primarily mis-
classified as rounded and faceted snow (7 % and 20 % of
the cases), indicating a tendency for false-positive Wind-slab
predictions to originate from this class. depth hoar samples
are most frequently confused with rounded and faceted snow
(17 % and 13 % of the cases) and, to a lesser extent, with
melt-freeze forms (7 % and 12 % of the cases), which can be
attributed to overlap with neighboring metamorphic stages.
melt-freeze forms show the most diverse misclassification
behavior, with false positives arising mainly from Wind-slab
(10 % and 25 % of the cases) and depth hoar samples (22 %
and 6 % of the cases). In contrast, rounded and faceted snow
receives relatively few false positives overall.
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Most misclassifications therefore occur between snow
types with similar microstructural characteristics or grad-
ual metamorphic transitions, such as rounded and faceted
snow and depth hoar, while misclassifications between struc-
turally distinct snow types (e.g., rounded and faceted snow
and melt-freeze forms) are comparatively rare. This indicates
that classifier errors are largely confined to closely related
snow classes.

Visual inspection of classified SMP profiles (Fig. 2) shows
that most disagreements between manual and automated
classification are concentrated at the boundaries between lay-
ers. These zones are characterized by vertical gradients in
grain morphology and bonding strength, producing mixed
penetration signal patterns. Such effects reflect both the non-
discrete nature of snow stratigraphy. Consequently, uncer-
tainties mainly affect the exact placement of layer inter-
faces, while the overall stratigraphic structure and dominant
snow type organization are reproduced consistently. The oc-
casional detection of thin layers not explicitly identified dur-
ing manual labeling is physically plausible and reflects fine-
scale variations in the penetration signal rather than system-
atic classification errors, and therefore has only a minor in-
fluence on the interpretation of layer-scale structural organi-
zation.

Uncertainty is also inherent in the manually assigned ref-
erence labels, particularly in transitional layers where expert
interpretation of SMP signal characteristics is ambiguous.
All manual labeling in this study was performed by a single
operator, which minimizes inter-operator variability but does
not eliminate subjectivity. Manual labeling by a single expe-
rienced operator provided a consistent interpretation across
all profiles and avoided additional inter-operator variability.
The remaining labeling uncertainty is closely linked to in-
herent ambiguity in the SMP signal and is expected to be
greatest around transitions and where different snow classes
produce similar responses. Since operator-dependent uncer-
tainty arises primarily in these ambiguous intervals, the two
sources cannot be considered fully independently. Repeated
annotations by independent operators were not available, so
their relative contributions could not be quantified, but such
an inter-operator comparison would provide a useful direc-
tion for future work. Also, while manual stratigraphic anal-
ysis may distinguish multiple adjacent layers of the same
snow type based on subtle variations in hardness or grain
morphology, the automated classification tends to aggregate
such clusters into single contiguous units. As a result, some
fine-scale stratigraphic detail is smoothed in the automated
profiles, and the reported model performance should be in-
terpreted in the context of this intrinsic reference uncertainty.

Despite these limitations, the shape and mean values of
snow density distributions by snow type are similar for man-
ually and automatically labeled profiles (Fig. 3), indicating
that the automated classification preserves the key physical
characteristics relevant for subsequent analyses. Uncertain-
ties are primarily concentrated in thin transitional layers and
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Table 2. Normalized confusion matrix (per true label) for the classification of snow structure types for the validation and test datasets. Rows
represent the manually assigned (true) classes and columns the classes predicted by the algorithm. Each cell contains the normalized fraction
of samples for the respective true class (row-normalized). Values are shown as validation results (upper-right) and test results (lower-left).
Diagonal elements indicate correct classifications, while off-diagonal elements represent misclassifications
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Figure 2. Example SnowMicroPen (SMP) profile and correspond-
ing snow type classification. The panels show (a) the mean penetra-
tion force averaged over 1 mm depth bins as a function of depth; (b)
compares the manually assigned snow type classification (“True”)
with the algorithm-predicted classification (“Pred”). Colors indicate
the four snow classes used in the model: wind slab, rounded/faceted
grains, depth hoar, and melt-freeze forms.
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between physically similar snow classes, rather than in ma-
jor structural units. Rare snow types excluded from training
contribute only marginally to the overall snowpack structure
and bulk physical properties and therefore do not materially
affect the aggregated results.

Overall, the model performance is comparable to that re-
ported by Kaltenborn et al. (2023) for Arctic datasets, with
similar limitations related to transitional layers and class
overlap. The consistency between predicted and manually as-
signed snow types demonstrates that the 1D-CNN captures
the key characteristics of Antarctic snow stratigraphy and
provides a reliable basis for extending snow type informa-
tion to the full SMP dataset. The consequences of remaining
misclassifications are discussed in Sect. 5.3.

4 Results

Once the SMP profiles are classified by snow layer type, they
provide an estimate of the snowpack composition, and thus
facilitate layer density comparison as well as spatial analysis
of conducted SMP transects.

The results presented here are based on the full set of pro-
cessed SMP data, including both manually labeled and au-
tomatically classified profiles, as described above, exclud-
ing the snow pit data. Although sampling took place dur-
ing the austral summer, observed snowpack temperatures
ranged from —7 to 0 °C with a mean temperature of —3.3 °C
throughout all campaigns, indicating that the snowpack was
not undergoing active surface melt at the time of measure-
ment. For the analysis, the dataset is separated into first-
year ice (FYI) and multi-year ice (MYI) classes, enabling
a systematic comparison of mean snow properties and their
variability between ice regimes. Under this classification,
expeditions PS111 and PS124 contribute primarily to the
FYI dataset, while expedition PS118 contributes to the MYI
dataset (see Table 1). For each ice regime, mean values of the
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Figure 3. Probability density distribution of snow density for different snow classes derived from SMP profiles. Panels correspond to (a)
wind slab, (b) rounded and faceted grains, (¢) depth hoar, and (d) melt-freeze forms. For each class, the distributions are shown separately
for manually classified samples used in model training (black) and samples not used during training that were automatically classified by the
algorithm (grey). Numbers in the legends indicate the number of samples (n) in each subset. The similar distributions between training and
non-training data suggest that the training dataset is representative of the overall data distribution.

analysed snow properties and the corresponding absolute and
relative standard deviations, and the results of the statistical
comparison are summarized in Table 3.

4.1 Snow layering

Inspecting the entire layer-classified SMP dataset allows for
the analysis not only of common properties, such as mean
snow thickness, but also the number of individual snow lay-
ers, layer specific thickness depending on both the snow and
sea ice type as well as layer specific snow specific surface
area.

The mean snow thickness derived from the SMP measure-
ments was significantly lower on FYI (20.89 £ 12.90 cm)
than on MYI (24.48+14.50cm; p <0.001). Manual
probe measurements yield likewise significantly lower
depths FYT (22.84 4 13.15 cm) than MYT (32.55 £ 15.42 cm;
p <0.001), yet consistently higher than the SMP-derived
snow thickness. The difference between SMP- and probe-
derived snow thickness values originates from hard basal
melt-freeze layers, which usually prevented full penetration
of the SMP.

On average, five stratigraphic layers are identified on FYI
and six on MY]I, with the numbers of layers being signifi-
cantly higher on MYI (p <0.001). Across most profiles, a
wind-packed layer of rounded crystals is typically present at
the surface. Depth hoar occurs commonly at the base of the
snowpack and between melt-freeze layers. On MYI, basal
melt-freeze layers are more frequent and thicker than on FYI
and are often interleaved with depth hoar layers, indicating a
more complex stratigraphic organization.

Mean layer thicknesses vary by snow type and the re-
spective ice regime. Wind slab layers exhibit mean thick-
nesses of 2.9 +4.1cm on FYI and 3.8 6.3 cm (p =0.003)
on MYI. Layers composed of rounded and faceted crys-
tals are significantly thicker on FYI (8.5 £7.3 cm) than on
MYI (5.8+5.1cm; p <0.001). Depth hoar layers do not
differ significantly between FYI (2.3+2.4cm) and MYI
(24+32cm; p=0.782), whereas layers of melt-freeze
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forms are significantly thicker on MYI (4.5 4.6 cm) than
on FYI (2.3+2.4cm; p <0.001).

The specific surface area (SSA) of snow quantifies the in-
terfacial area between the ice crystals and the pore air en-
closed within the snowpack and influences key physical snow
properties such as radiative transfer and albedo. Investigat-
ing the SSA distribution, displayed in Fig. 4, shows that dis-
tributions are right-skewed across most snow types, while
rounded and faceted snow layers exhibit a bimodal distribu-
tion on both FYT and MYI. At the layer scale, SSA distribu-
tions overlap strongly between FYI and MYI. No significant
differences were found for wind slab, rounded and faceted
snow, or melt-freeze forms (see Table 3). Only depth hoar ex-
hibited a slightly, yet significantly, higher mean SSA on FYI
(16.29 +7.23m? kg~!) than on MYI (1525 +7.21 m* kg~ !;
p =0.014).

4.2 Snow densities

Across both FYT and MYI, snow density varies mostly with
snow type, and the density distribution of grain types is
rather consistent between ice regimes (Fig. 5). Wind slab
and melt freeze-form layers exhibit the highest densities,
whereas rounded and faceted snow and depth hoar form
substantially less dense layers (see Table 3). Mean wind-
slab and melt-freeze densities did not differ significantly
between ice regimes. In contrast, rounded and faceted layers
were significantly denser on FYI (279.7 453.28 kgm™2)
than on MYI (251.7£69.79kgm™3); p <0.001).
Depth-hoar layers were slightly but significantly
denser on MYI (290.414+46.33kgm™3) than on FYI
(282.63 +43.45kgm™3); p =0.003).

Despite the absence of a systematic increase in the den-
sity of all snow types, bulk snow densities exhibit a sig-
nificant shift towards higher values on MYI, with mean
bulk density values of 301.74+49.6kgm™> on FYI and
321.7+£48.5kgm™ on MYI (p < 0.001).

Overall, wind-slab and melt-freeze densities are compa-
rable between FYI and MYI, whereas rounded/faceted and
depth-hoar densities differ between ice regimes. These dif-
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Table 3. Mean values, absolute standard deviation (SD) and relative standard deviation (RSD) of the analyzed snow properties for First-year
ice (FYI) and Multi-year ice (MY]). Statistics are derived from the full set of snow observations obtained from SMP profiles and supporting
measurements. The SD quantifies the variability of a given snow property across different ice regimes (FYI and MYI), while the RSD
(SD divided by the mean) allows comparison of variability across different snow properties within each ice class. Parameters listed under
layer thickness, snow specific surface area (SSA), density, and snow type fraction are reported separately for the four snow classes: wind
slab, rounded and faceted grains, depth hoar, and melt-freeze forms. Layer density and SSA are calculated as means per classified layer.
Distribution mean values that differ significantly between FYI and MYI according to Welch’s z-test (p < 0.05) are shown in bold.

Mean Absolute Standard | Relative Standard

Parameter Deviation Deviation p-value
(dimensionless)
FYI  MYI | FYI MYI | FYI MYT |

Snow depth (SMP) (cm)  20.89  24.48 | 12.90 14.50 | 0.62 0.59 | 1.38x10™%
Snow depth (probe) (cm) 22.84 32,55 | 13.15 15.42 | 0.58 047 | 136 x 10721
Bulk density (kg m3) 301.7 321.7 | 49.62 48.47 | 0.16 0.15 234 x 1079
Number of layers (-) 5 6 2.73 3.00 | 0.55 0.51 6.40 x 107°
Layer thickness (cm)

Wind slab 2.9 3.8 4.1 6.3 | 1.39 1.64 0.00297
Rounded & Facets 8.5 5.8 7.3 5.1 | 0.85 0.87 | 5.56 x 10715
Depth hoar 2.3 2.4 2.4 3.2 | 1.04 1.35 0.782
Melt-freeze forms 2.3 4.5 2.4 46 | 1.01 1.03 | 2.88 x 10722

Snow specific surface area (m? kg_l)

Wind slab 13.38 12.67 7.28 6.62 | 0.54 0.52 0.0629
Rounded and Facets 25.37 25.52 8.90 9.88 | 0.35 0.39 0.777
Depth hoar 16.29 15.25 7.23 7.21 | 0.44 0.47 0.0143
Melt-freeze forms 9.59 9.24 5.94 4.70 | 0.62 0.51 0.268

Density (kg m~3)

Wind slab 356.73  354.33 | 54.61 58.04 | 0.15 0.16 0.446
Rounded and Facets 27970 251.70 | 53.28 69.79 | 0.19 028 | 5.18x 10714
Depth hoar 282.63 290.41 | 43.45 4633 | 0.15 0.16 0.00336
Melt-freeze forms 359.96  359.66 | 38.63 34.84 | 0.11 0.10 0.889

Snow type fraction (-)

Wind slab 0.19 0.23 0.20 0.27 | 1.07 1.20 0.0106
Rounded and Facets 0.57 030 | 028 0.21 | 0.50 0.70 | 4.51 x 10731
Depth hoar 0.12 0.12 0.12 0.12 | 1.00 1.02 0.989
Melt-freeze forms 0.13 035 | 0.17 0.26 | 1.38 0.75 | 8.08 x 10~%
0.100 (a) wind slab (b) rounded & faceted (c) depth hoar (d) melt forms
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Figure 4. Probability density distributions of the Snow Specific Surface Area (SSA) for different snow classes on first-year ice (FYI, black)
and multi-year ice (MY, grey). Panels show distributions for (a) wind slab, (b) rounded/faceted grains, (¢) depth hoar, and (d) melt-freeze
forms. SSA values are derived from SMP measurements, snow classes are obtained from the SMP-based classification, and SSA is calculated
as a mean value for each individual snow layer. SSA differs significantly between ice regimes only for depth hoar, although the difference is
small.
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ferences occur in opposite directions and therefore do not
represent a systematic densification of individual snow types
on MYI. Yet, differences emerge at the distribution and bulk
scale, indicating a more heterogeneous density structure on
MYL

4.3 Snow type fractions

To estimate the relative occurrence of snow types on FYI and
MY]I, the relative fraction of each snow type within individ-
ual snow profiles is calculated, based on the classification of
the penetrable snowpack. The resulting distributions, shown
in Fig. 6, differ between the two ice types. The distribution of
depth hoar fractions is similar for FYI and MY, with no sig-
nificant difference between the two ice regimes (p < 0.989).

Rounded and faceted layer fractions show overall wide
distributions, constituting substantially large fractions of the
snowpack on both FYI and MYI, but are significantly larger
on FYI (p <0.001). Meanwhile, melt-freeze forms account
for significantly greater fractions on MYI than on FYI
(p <0.001). Wind-slab fractions are only slightly, although
significantly, higher on MYI (p < 0.011).

On average, FYI exhibits relative fractions of 0.19 for
wind slab, 0.57 for rounded and faceted crystals, 0.12 for
depth hoar, and 0.13 for melt—freeze forms. In contrast, MYI
shows mean fractions of 0.23, 0.30, 0.12, and 0.35, respec-
tively.

4.4 Correlation Length

The stratigraphy derived from SMP transects exhibits strong
variability within individual transects.

Therefore, the spatial autocorrelation of fractional snow-
pack composition is computed using Moran’s I (see Sect.
2.5). The resulting autocorrelation is shown in Fig. 7. On
FYI, autocorrelation values drop rapidly for all snow types
within the first 15 m from between approximately 0.6 and 0.4
to 0.2 and remain low thereafter. In contrast, on MYI, snow
type fractions exhibit relatively high spatial correlation, with
Moran’s I values ranging between approximately 0.6 and
0.8 for most snow types. After an initial decrease at short
distances, correlations remain elevated with values around
0.4 over the first approximately 20m. Depth hoar consis-
tently shows the lowest autocorrelation, with values around
I =0.25.

As the number of profile pairs and transects decrease for
larger lag distances, Moran’s [ values at lag distances larger
than 35 m cannot be interpreted as robust signals.

4.5 Variability on floe-size vs. regional scales

To compare the variability on floe-size scale with the vari-
ability at the regional (ice-type) scale, the spread of the
snow bulk density distributions is quantified both for indi-
vidual ice floes and for the combined FYI and MY datasets.
For FYI, the variance of floe-wise bulk density distributions

https://doi.org/10.5194/tc-20-5491-2026

range from 495 to 2307 (kgm~3)?, with a mean of 1244
(kgm~3)2, whereas the variance of all pooled FYT distri-
butions is 2463 (kg m~3)2. For MYI, floe-wise variances
range from 444 (kg m—3)? to 2484 (kg m~—3)2, with a mean
of 1148 (kgm~3)?, while the variance of the pooled MYI
distributions is 2349 (kg m~3)2. Thus, floe-scale variance ac-
counts for approximately half of the total within-class vari-
ance (50 % for FYTI and 49 % for MYI).

To generalize this assessment beyond bulk density and
quantify the variability across the full set of snow properties,
both the absolute standard deviation (SD) and the relative
standard deviation (RSD) are used. The SD enables compar-
isons of the variability in the same snow property between
different snow and ice conditions, i.e., FYI and MYI, while
the RSD facilitates comparison of the variability across dif-
ferent snow properties within each ice class. Table 3 summa-
rizes the absolute and relative standard deviation of the full
set of snow properties.

Across most properties, the SD on MYI is comparable
or higher than on FYI, indicating similar or enhanced abso-
lute variability on MYI. When comparing variability across
different snow properties using the RSD, a clear hierarchy
emerges that is consistent for both ice regimes. The high-
est relative variability is found for snow type fraction pa-
rameters, particularly wind slab, depth hoar, and melt-freeze
forms, and for layer thickness. These parameters exhibit RSD
values nearly twice as high as those of SSA and total snow
depth. In contrast, lowest RSD values are found for density-
derived properties such as bulk density and snow-layer den-
sity, indicating that bulk density is the most spatially homo-
geneous property, a favourable characteristic for large-scale
snow-load estimates, as discussed further in Sect. 5.2.

Together, this variability hierarchy indicates that bulk-
integrated snow properties are comparatively stable across
spatial scales, whereas properties related to stratigraphic
composition and layer geometry exhibit substantially
stronger spatial variability within and between ice regimes.

5 Discussion

5.1 Controls on Antarctic late-summer snowpack
structure and properties

Our study shows that properties on Antarctic late-summer
sea ice exhibit marked differences between first-year ice
(FYI) and multi-year ice (MYI). These differences are most
systematic in snow structure, stratigraphy and snow-type
composition, whereas intrinsic properties of individual snow
types such as density and specific surface area (SSA) are
broadly, but not universally, comparable across ice regimes.

We find that, across ice regimes, the wind slabs and melt-
freeze layers were dense and compact with mean densi-
ties around 355 and 360 kg m~3, while rounded/faceted and
depth-hoar layers were looser and more porous with mean
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Figure 5. Probability density distributions of snow density for different snow classes on first-year ice (FYI, black) and multi-year ice
(MYI, grey). Panel (a) shows the distribution of snow bulk density, while panels (b)—(e) show density distributions for individual snow
types: (b) wind slab, (c) rounded and faceted grains, (d) depth hoar, and (e) melt-freeze forms. Snow density values are derived from
SMP measurements, snow classes are obtained from the SMP-based classification, and snow density values calculated as mean values per
individual snow layer. Bulk densities are calculated as the weighted mean along an entire SMP profile. Bulk densities are significantly higher
on MYI. Layer-mean wind-slab and melt-freeze densities do not differ significantly between ice regimes, whereas rounded/faceted density
is higher on FYT and depth-hoar density is slightly higher on MYL.
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Figure 6. Fractional snowpack composition for different snow classes on first-year ice (FYI, dark grey) and multi-year ice (MY, light grey).
Panels show the fraction of (a) wind slab, (b) rounded and faceted grains, (c) depth hoar, and (d) melt-freeze forms within individual snow
profiles. The half-violin plots illustrate the distribution across all profiles, with black bars denoting mean fractions. Snow classes and snow

type fractions are derived from the SMP—based classification.

densities ranging from 252 to 290 kg m~3. Our mean SSA
values for the different snow types, reported in Table 3,
fall within ranges reported in previous work (Domine et al.,
2007), supporting the plausibility of the SMP-based classi-
fication and inferred grain-size distributions. Wind-slab and
melt-freeze densities did not differ significantly between FYI
and MY, and SSA was comparable for wind slab, rounded/-
faceted snow, and melt-freeze forms. In contrast, rounded/-
faceted layers were denser on FYI, while depth-hoar layers
were slightly denser on MYI and had slightly higher SSA
on FYI. These class-specific differences show that snow-type
properties are not fully invariant between ice regimes. How-
ever, their opposing nature indicates that differences between
FYI and MYI snowpacks do not arise from the snow itself,
but from how it is subsequently modified through different
metamorphism pathways within the snow column (Nicolaus
et al., 2009).

Consistent with this interpretation, our results show that
the strongest divergence between FYI and MYI snowpacks
emerges within the internal stratigraphy below the wind-
dominated surface layer and arises from contrasting thermo-
dynamic and temporal boundary conditions rather than from
intrinsic differences in snow properties. On FYI, the snow-
pack was generally thinner and more dominated by rounded
and faceted crystals, reflecting a shorter residence time and
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fewer strong thaw events. Thinner ice promotes stronger con-
ductive heat fluxes and persistent temperature gradients, fa-
voring dry metamorphism and the formation of faceted and
depth-hoar layers, as typical for FYI regimes. In contrast,
MYTI snowpacks exhibited greater stratigraphic complexity,
consistent with repeated melt-freeze modification that pro-
duces hard basal layers interleaved with depth-hoar layers.
The thicker ice and longer snow residence time on MYI in-
crease the likelihood of repeated summer melt events, inter-
rupting dry metamorphism and promoting meltwater perco-
lation, refreezing, and the formation of dense melt-freeze lay-
ers and meteoric ice (Eicken et al., 1995; Haas et al., 2001;
Tian et al., 2020). Consistently, the average number of layers
was significantly higher for MY (six) than on FYI (five). The
enhanced stratigraphic complexity implies that MYI snow-
packs retain a longer memory of past accumulation and meta-
morphic events, whereas FYI snowpacks are more frequently
reset by surface flooding, deformation, and wind redistribu-
tion. Such a longer stratigraphic memory on older Antarctic
sea ice has been reported previously for the spring-summer
transition, when perennial snow covers exhibiting increased
layering, higher density, and stronger vertical heterogeneity
compared to first-year ice, reflecting repeated modification
over multiple seasons (Nicolaus et al., 2009). Our results ex-
tend this finding by showing that such stratigraphic memory
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Figure 7. Spatial autocorrelation of fractional snowpack composition for different snow classes. Moran’s [ is calculated for the fractional
occurrence of wind slab, rounded and faceted grains, depth hoar, and melt-freeze forms within individual snow profiles derived from SMP-
based classifications. The results are shown separately for (a) FYI and (b) MYI. The x-axis represents the lag distance between pairs of SMP
profiles along measurement transects. The dashed horizontal line indicates zero spatial autocorrelation. At larger lag distances, particularly
for MYI beyond 45 m, too few profile pairs contribute to the estimate, leading to a shortened transect analysis.

persists into the late summer to early autumn period, indi-
cating that M YT snowpacks continue to integrate the imprint
of repeated modification even late in the melt season. Physi-
cally, this prolonged stratigraphic memory enhances vertical
heterogeneity in thermal and mechanical properties, with im-
plications for heat transfer, permeability, and the response of
the snowpack to subsequent melt or refreezing events. As a
result, FYI and MYI snowpacks develop fundamentally dif-
ferent vertical snow organization despite broadly comparable
intrinsic snow-type characteristics (Nicolaus et al., 2006).

Consistent with these stratigraphic differences, we found
that the fraction of snow types differed substantially between
ice regimes. On FYI, rounded and faceted snow dominated
the profiles (57 %), whereas melt-freeze forms were rela-
tively rare (12 %). In contrast, MYI snowpacks contained a
much larger fraction of melt-freeze forms (35 %), while the
proportion of rounded and faceted snow decreased to 30 %.
The depth-hoar fraction did not differ between ice regimes,
whereas wind slab accounted for a slightly but significantly
larger fraction on MYL.

Because intrinsic density and SSA were similar for each
snow type across ice regimes, bulk differences in snowpack
properties in this study arise primarily from changes in snow-
type fractions and stratigraphic composition. In particular,
lower mean SSA and higher snow bulk density on MY1 is not
caused by denser individual layers, but by the nearly three-
times greater prevalence and two-times higher thickness of
low-SSA, dense melt-freeze layers (for details see Table 3).
Similar mechanisms have been identified by Arndt (2022a),
where differences in bulk snow density between seasonal and
perennial regimes were attributed primarily to variations in
snow-type fractions. For rounded and faceted layers in this
study, particularly the SSA distribution shows a bimodal state
on both FYI and MYI, as shown in Figs. 4 and 5, likely
reflecting the coexistence of decomposing precipitation and
older, more developed or melted facets. This is most likely
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caused by the joint class of both rounded and faceted crystals.
Meanwhile, the broadening of the rounded and faceted den-
sity distribution on MYT reflects the repeated interruption of
dry temperature-gradient metamorphism, which produces a
wider range of snow micro-structures within individual pro-
files.

Finally, we note a hemispheric contrast, though a direct
quantitative comparison is limited by the fact that King et al.
(2020) sampled Arctic late winter snow, whereas our dataset
represents Antarctic late summer. In their study, Arctic win-
ter FYI showed higher bulk density than MYI, linked to a
larger fraction of low-density depth hoar on MYI and pro-
nounced surface heterogeneity. Our Antarctic snowpacks, by
contrast, showed that by late summer, depth hoar is compar-
atively minor and MYT bulk density instead exceeds FYI,
driven by the greater prevalence of dense melt-freeze lay-
ers near the base of the snowpack. Because the two datasets
capture different stages of seasonal snowpack evolution, the
contrasting patterns reflect a combination of seasonal and
hemispheric differences in snowpack processes rather than
ice-age effects alone. We therefore highlight that snowpack
evolution and bulk properties are strongly shaped by both re-
gional (climate) regime and season, underscoring that density
and stratigraphy assumptions for one hemisphere and season
cannot be directly transferred to another without accounting
for these differences.

Overall, Antarctic late-summer snowpacks are governed
by a hierarchy of processes: surface snow properties are
primarily controlled by atmospheric forcing, in particu-
lar wind re-distribution and mechanical compaction; on
FYT ice-thickness-controlled temperature-gradient metamor-
phism shapes internal layers; while on MYI melt-refreeze cy-
cles dominate stratigraphic complexity. This process-based
framework provides the physical basis for interpreting the
contrasting spatial variability and characteristic length scales
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of snow properties on FYI and MYI, which are examined in
the following section.

5.2 Scale-dependent variability of Antarctic snowpack
properties

Our spatial autocorrelation analysis reveals that MYI snow-
packs exhibit stronger spatial coherence of snow-type com-
position than FYT snowpacks. Moran’s I values on MYI re-
mained high (approximately 0.6-0.8 for most layer types)
and decreased only gradually with distance, whereas FYI
snowpack correlations decayed rapidly over the first 20 m
from 0.4-0.6 down to below 0.2 and stayed low thereafter.
However, it needs to be kept in mind, that signals past
35 m cannot be considered statistically robust. Nevertheless,
this contrast indicates fundamental differences in the lat-
eral continuity of snowpack structure between ice regimes.
On MYI, longer-term accumulation (longer than one season)
and repeated metamorphic reworking tend to smooth small-
scale surface roughness and preserve stratigraphic organiza-
tion over larger distances, such that structural snow proper-
ties (layer composition and thickness) remain laterally con-
tinuous (Sturm et al., 1998). In contrast, FYI surfaces are
younger and more dynamically restructured by deformation,
wind redistribution, and episodic flooding, causing structural
properties to respond strongly to local-scale processes and
to vary substantially over short horizontal distances. Accord-
ingly, snow properties decorrelate rapidly on FYT but remain
spatially coherent on MY]I, reflecting differences in surface
stability and snowpack memory, with structural properties
responding more strongly to small-scale processes than bulk-
integrated properties (Arndt and Paul, 2018).

This behavior also contrasts with findings from the Arctic,
where higher spatial correlations have been reported on FYI
(rather constant between 0.2 and 0.6) than on MY]I (decreas-
ing from 0.2 to —0.2 over the first 20 m) (King et al., 2020).
The opposing patterns are consistent with hemispheric differ-
ences in summer sea ice surface properties. Arctic MYI com-
monly exhibits strong surface heterogeneity associated with
melt ponds, bare ice, and remnant snow, whereas Arctic FYI
often displays smoother summer surface conditions (Andreas
and Ackley, 1982). These hemispheric contrasts emphasize
that spatial coherence of snow properties is strongly modu-
lated by regional surface evolution rather than ice age alone.

For our Antarctic study, the rapid decorrelation of snow
properties on FYI demonstrates that point measurements are
representative only over very short distances, posing a sub-
stantial challenge for up-scaling to much larger footprints of
remote-sensing instruments. Even on MYI, where spatial co-
herence is higher, local measurements capture only part of
the variability characteristic of the ice regime, and therefore
remain insufficient to fully represent regime-scale snow con-
ditions.

Beyond the local-scale limitations, a second key scaling
result concerns representativeness across floes. For both ice
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classes, the bulk density variance across all sampled floes is
approximately twice the mean within-floe variance, indicat-
ing that individual floes capture only about half of the vari-
ability characteristic of their respective ice regime. Conse-
quently, robust characterization of FYI and MYI snowpacks
requires sampling across multiple floes rather than reliance
on single-floe observations.

Taken together, these scaling results motivate a closer
examination of which snow properties dominate variabil-
ity across spatial scales. Our analysis of variability across
spatial scales showed that stratigraphic properties dominate
Antarctic snowpack heterogeneity, whereas bulk-integrated
properties are comparatively homogeneous. Across both ice
regimes, absolute variability is comparable or slightly higher
on MYI than on FYI. This is consistent with the enhanced
vertical and structural heterogeneity in MYI snowpacks that
we found, and has also been reported in previous Antarctic
winter studies (Arndt and Paul, 2018).

Within each regime, relative variability is highest for
snow-type fractions and individual layer thicknesses, identi-
fying layer composition and geometry as the primary con-
tributors to snowpack heterogeneity. Intermediate variabil-
ity is observed for SSA, snow depth, and number of layers.
Density-based properties generally exhibit the lowest relative
variability. Snow bulk density was among the most spatially
homogeneous property, as well as wind slab, depth hoar and
melt-freeze layer densities on both FYI and MYI. Rounded
and faceted layer density was the main exception, particu-
larly on MY

These systematic differences in variability indicate that
Antarctic snowpack heterogeneity is governed primarily
by stratigraphic organization rather than by bulk-integrated
properties. As a result, bulk density can be estimated ro-
bustly from relatively limited sampling, whereas accurate
characterization of snow-type composition and stratigraphy
requires substantially higher spatial sampling density. This
distinction is also relevant for remote-sensing applications:
for first-order estimates of snow load or snow water equiva-
lent, bulk density may be more robustly upscaled than layer
thickness, snow-type fractions, or SSA. However, the com-
paratively low variability of bulk density does not imply that
bulk representations are sufficient for all retrieval applica-
tions. Microwave emission and scattering are sensitive to the
vertical distribution of density, SSA, and melt-freeze lay-
ers, so retrieval approaches that depend on radiative trans-
fer or snow-ice interface detection still require information
on stratigraphic structure (Durand et al., 2011; Royer et al.,
2017; Tonboe et al., 2022). More fundamentally, representing
Antarctic snow processes therefore requires resolving layer
composition and geometry, rather than relying on spatially
averaged bulk metrics alone (Arndt, 2022a).

Consequently, Antarctic snow variability is governed by
meter-scale structural heterogeneity and ice-regime depen-
dence rather than bulk properties. This implies that ob-
servational strategies, remote-sensing retrievals, and model
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parameterizations that depend on internal stratigraphy, as
opposed to bulk-integrated quantities such as snow load,
should move beyond uniform bulk representations toward
approaches that explicitly account for ice-regime-dependent
snow stratigraphy and its scale-dependent variability.

Overall, Antarctic snowpack variability is strongly scale
dependent. Stratigraphic composition and snow-type frac-
tions dominate variability over meter to tens-of-meter scales,
while bulk density remains comparatively homogeneous. As
aresult, the representativeness of individual observations de-
pends critically on ice regime and sampling scale. Given
this pronounced sensitivity to fine-scale structure and sam-
pling density, it is essential to assess how the limitations and
uncertainties of the SMP measurements and our introduced
machine-learning-based classification influence the charac-
terization of snow variability, which is addressed in the fol-
lowing section.

5.3 Methodological limitations and uncertainties in
resolving Antarctic snow variability

The interpretation of Antarctic snow variability derived from
SMP measurements and machine-learning-based snow-type
classification is subject to several methodological limitations.
These primarily affect the absolute quantification of snow
properties and the resolution of basal and fine-scale stratigra-
phy, with implications for interpreting variability across spa-
tial scales.

First, the sampling design limits the attribution of differ-
ences specifically to a single ice-regime because ice-type
is partly coupled to the sampling region. Most MYI floes
were sampled during PS118 in the northwestern Weddell
Sea, whereas most FYI floes were sampled during PS111
and PS124 in the southeastern Weddell Sea. The FYI-MYI
contrasts therefore also reflect regional differences. However,
because the southeastern Weddell Sea is typically dominated
by FYI and the northerwestern Weddel Sea by MYI (Gupta
et al., 2025), the coupling between ice regime and sampling
region reflects, at least in part, the natural regional distribu-
tion of these ice types. The observed contrasts should there-
fore be interpreted as differences between the sampled FYI-
and MYI-dominated environments rather than as region-
independent effects of ice regime alone.

A technical key limitation is the inability of the SMP to
penetrate very hard melt-freeze and ice layers. As a result,
density and snowtype fraction estimates for melt-freeze lay-
ers are biased toward the penetrable fraction, and bulk snow
density may be underestimated where thick, hard layers oc-
cur, predominantly on MYI. Because such layers often form
near the snow-ice interface, basal stratigraphy may not be
fully resolved, and stratigraphic complexity and bulk density
on MYI should therefore be regarded as rather low estimates.
From a physical perspective, this under-representation pri-
marily affects properties and processes controlled by basal
snow layers, including vertical heat transfer, permeability,

https://doi.org/10.5194/tc-20-5491-2026

and meltwater retention, which are strongly influenced by
the presence and thickness of dense refrozen layers. SMP
force signals are also sensitive to snow temperature, liquid
water content, and salinity (Techel et al., 2008). Under sum-
mer conditions, wet or saline snow can reduce signal inter-
pretability and increase uncertainty in inferred snow proper-
ties, particularly during melt or flooding events.

Additional uncertainty arises from the empirical parame-
terizations used to derive density and SSA from SMP force
signals, for example SMP-derived SSA values are known to
be systematically higher than those obtained from micro-
computer tomography due to differences in the effective
scale and definition of surface area captured (Calonne et al.,
2020). Alternative parameterizations for retrieving density
and/or SSA from SMP signals also exist (e.g., Proksch et al.,
2015; King et al., 2020), calibrated on different snow popu-
lations, and these can yield systematically different absolute
values. We selected the Calonne et al. (2020) approach based
on its agreement with our co-located snow pit stratigraphy.
Using an alternative parameterization would likely shift ab-
solute density and SSA magnitudes, though relative contrasts
between ice regimes and snow types, as well as spatial vari-
ability patterns, are expected to be less sensitive than the ab-
solute values.

Uncertainty is further introduced by the machine-learning-
based snow-type classification. Both the training labels for
SMP data and the reference snow pit grain classifications
are inherently observer-dependent. However, all classifica-
tions were performed consistently by a single observer, min-
imizing internal inconsistencies. Misclassification by the al-
gorithm is most likely at transitions between snow types
with overlapping properties, leading to higher uncertainty
in snow-type-separated properties than in bulk snow proper-
ties. This uncertainty may contribute particularly to the vari-
ability of layer boundaries, layer thicknesses, and snow-type
fractions. However, since the higher variability in layering is
consistent with previous studies by Arndt and Paul (2018)
and Sturm et al. (1998) based on snow pit observations, this
methodological limitation mainly constrains the absolute es-
timate rather than the qualitative comparison between prop-
erties.

Importantly, potential misclassification does not alter the
principal contrasts identified in this study, which are dom-
inated by large-scale differences in snow-type fractions,
stratigraphic organization, and spatial variability. Also, layer
counts derived from SMP-based classification represent a
lower bound on true stratigraphic complexity and tend to
overestimate individual layer thickness, as multiple layers of
the same snow class that would be resolved in manual snow
pits cannot be distinguished by the automated approach.

While the 1D-CNN is an appropriate and parsimonious
choice for SMP-based snow-type classification, future work
with broader regional sampling and additional covariates
could leverage sequence models (e.g., TCNs or transformer
encoders) and probabilistic deep learning to better capture
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longer-range vertical context and provide calibrated classifi-
cation uncertainty. With auxiliary inputs such as reanalysis
forcing or co-located satellite observables, multi-modal fu-
sion and semi-/self-supervised learning may reduce depen-
dence on observer-labeled training data and facilitate transfer
across regions, seasons, and instruments.

Finally, Antarctic MYI snow in summer is not strictly
multi-year snow, as snow-ice formation and superimposed-
ice processes continuously remove older basal layers. This
reworking likely contributes to the broad similarity of most
class-intrinsic snow properties between FYI and MYI, de-
spite pronounced differences in stratigraphic complexity.

Overall, these methodological limitations mainly con-
strain absolute property estimates and the resolution of basal
and fine-scale stratigraphy. However, the central conclusions
regarding ice-regime-dependent snowpack structure, scale-
dependent variability, and the dominant role of stratigraphic
organization remain robust.

6 Conclusions

This study provides a spatially extensive, layer-resolved
characterization of Antarctic late-summer snow on sea ice,
combining, for the first time, snow pit observations with
high-resolution SnowMicroPen measurements and machine-
learning-based snow type classification. By explicitly distin-
guishing first-year ice and multi-year ice, the results demon-
strate that differences in Antarctic snowpacks arise not from
fundamentally different internal snow properties, but from
contrasts in stratigraphic organization, snow type fractions,
and their spatial variability. In particular, the persistence of
stratigraphic memory on multi-year ice, expressed through
enhanced layering and a higher prevalence of dense melt-
freeze forms, emerges as a key control on snowpack struc-
ture and bulk properties during the summer-to-autumn tran-
sition. While snow grain-scale characteristics such as density
and specific surface area are broadly comparable between
first-year and multi-year ice, contrasts between ice regimes
arise from differences in snow type fractions, layering, and
the retention of stratigraphic memory, particularly on multi-
year ice. This consistency suggests that snow-type-specific
SSA values may be transferable across ice regimes, offering
a basis for parameterizing snow-type-dependent inputs to mi-
crowave emission and radiative transfer models, even as bulk
snowpack properties diverge structurally between FYI and
MYI. At the same time, this transferability applies at the level
of snow types rather than snowpacks as a whole. This high-
lights that Antarctic snow cannot be adequately represented
by uniform bulk properties or sparse point observations. In-
stead, snow on Antarctic sea ice should be treated as a strati-
graphically structured, ice-regime-dependent medium, with
implications for sampling strategies and, pending dedicated
forward-modeling studies for remote-sensing retrievals, and
the representation of snow processes in sea ice models.
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license https://github.com/dariarctic/smp-classifier (last access:
31 August 2026) together with the data from PS111 as an
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Arndt, 2022c). To run the code version used in this paper,
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(Arndt, 2021), https://doi.org/10.1594/PANGAEA.945858
(Arndt,  2022c),  https://doi.org/10.1594/PANGAEA.945857
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