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 A B S T R A C T

To find a link between microstructure and the mechanical properties of weak snow layers, we acquired 
a comprehensive dataset combining mechanical tests for compressive strength and stiffness on 278 weak 
layer samples with high-resolution 3D data from 70 co-located micro-computed tomography (μCT) scans. 
The samples encompass three main categories, often associated with dry-snow slab avalanche release: faceted 
crystals and depth hoar, decomposing particles and rounded grains, and buried surface hoar. The results for 
stiffness and compressive strength highlight different scaling behaviors with densities for different grain types, 
but also fundamentally different relations between stiffness and strength for persistent and non-persistent grain 
types. Using a neural network, we identified key clusters of microstructural features that are most predictive 
of mechanical behavior. These clusters were determined based on the intercorrelation of features and reflect 
different geometric and topological aspects of snow microstructure. Stiffness was primarily influenced by 
features describing the alignment and efficiency of load-bearing paths, such as anisotropy and tortuosity. In 
contrast, compressive strength was more sensitive to the local geometry of the ice-air interface, though it 
also depended on the load path characteristics. By distinguishing between these controlling factors, the model 
predicted the mechanical properties with an accuracy comparable to the experimental variance. While our 
results confirm that the mechanical properties primarily depend on density, they also demonstrate that snow 
microstructure shapes the specific relation between density and mechanical properties. This relationship differs 
markedly between persistent weak layers and those composed of decomposing particles and rounded grains.
1. Introduction

The mechanical properties of snow have been studied since the 
1940s, primarily to understand and predict snow avalanches. In this 
context, layers of low strength, called weak layers, are critical, as they 
are a key determinant for the formation of dry-snow slab avalanches
[1]. These layers typically consist of large grains and exhibit a highly 
porous structure [2–5]. Weak layers are generally categorized as per-
sistent or non-persistent, based on their microstructural evolution. Per-
sistent types — such as faceted crystals (FC), depth hoar (DH; Fig.  1a), 
and buried surface hoar (SH; Fig.  1c) — can remain mechanically weak 
over extended periods due to slow rates of strengthening through pro-
cesses such as sintering and densification [6,7]. Non-persistent layers, 
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including precipitation particles (PP), decomposing fragments (DF), or 
rounded grains (RG; Fig.  1b), tend to stabilize more rapidly. Improved 
avalanche prediction thus requires robust mechanical characterization 
of snow, and particularly of weak layers [e.g., 8,9].

The mechanical behavior of snow strongly depends on temperature 
and loading rate, resulting in completely different failure behaviors, 
ranging from ductile to brittle [e.g., 10,11]. Because of its high homol-
ogous temperature, snow’s microstructure is constantly evolving; new 
bonds form rapidly when particles touch, and broken bonds can reform 
through sintering [e.g., 12]. Like for other porous materials, the density 
of snow serves as a good first-order predictor for physical properties. 
Indeed, not only does its microstructure show similarities, but in terms 
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Fig. 1. Exemplary microstructures obtained from μCT images for each tested category of grain types: (a) faceted crystals and depth hoar, (b) decomposing particles 
and rounded grains, and (c) buried surface hoar.
of (compressive) strength and Young’s modulus, snow can be found 
among most other porous materials and cellular solids (see Fig.  2).

Density-based parameterizations have historically struggled to cap-
ture the extensive variability in snow’s mechanical properties [e.g., 13–
16], a challenge compounded by the logistical difficulty of accurately 
sampling density in thin or heterogeneous snow layers. Compilations 
of snow mechanical data show that for similar densities, there is a 
large scatter in measured properties. This variability is attributed to a 
combination of factors, including intrinsic differences in microstructure 
as well as extrinsic differences in experimental conditions, such as 
temperature, strain rate, and sample preparation. This discrepancy is 
especially pronounced for weak layers [17], as most research focuses on 
rounded grains and thus has limited applicability to the distinct crystal 
morphologies that constitute these layers [e.g., 16,18].

While some recent work incorporated structural anisotropy into 
stiffness parameterizations [19], most parameterizations still rely on 
density only, and comprehensive datasets remain sparse [16,20–22].

1.1. Theoretical framework

Since snow is effectively a bicontinuous material, research in its 
microstructural analysis has been closely linked to developments in 
related fields — such as foams, bone, aerogels, and nanoporous gold — 
where techniques such as micro-computed tomography (μCT) scanning 
have paved the way for significant advancements.

A foundational approach to theoretically explain the mechanical 
behavior of porous solids is the Gibson–Ashby theory [34], which 
relates mechanical properties to volume fraction via idealized beam-
based unit cells. For example, the compressive strength 𝜎◦ of the porous 
material scales with that of the bulk phase (𝜎∙) as: 
𝜎◦

𝜎∙
= 𝐶1

(

𝜌◦

𝜌∙

)1.5
= 𝐶1𝜙

1.5 (1)

where 𝜌◦ and 𝜌∙ are the densities of the porous and bulk material, 𝐶1
is a dimensionless constant, and 𝜙 is the volume fraction. The scaling 
exponent in this simplified model reflects the dominant deformation 
mode: stretching-dominated structures yield nearly linear scaling be-
tween strength and stiffness (exponent of 1.0 in the Ashby plot - Fig. 
2), while bending-dominated structures exhibit a characteristic relation 
where the strength exponent is about 0.75 times that of stiffness [35]. 
In practice, this framework is limited to explaining scaling exponents 
up to a value of 2 [34], necessitating its extension for more complex 
materials where higher exponents are often observed.
2 
Since then, the scaling exponent has been associated with a broader 
range of drivers, including microstructural complexity [e.g., 36], the 
effective load-bearing volume fraction [e.g., 37], and the dominant 
deformation modes at smaller scales [e.g., 38,39]. This has focused 
research on the morphology of the porous material, aiming to explain 
its observed mechanical behavior through the geometric and topologi-
cal properties of the microstructure. For example, the theoretical work 
by Huber [40] showed that mechanical properties can be described as 
a function combining geometry and topology.

In the literature, topology plays a crucial role in bridging mechanics 
and microstructure [41]. It can be described on a local scale, for 
example, through the coordination number 𝑁3 of a node, or on a 
global scale using measures such as the genus 𝑔 — a measure for the 
number of ‘‘handles’’ or ‘‘loops’’ in the structure. While the local-scale 
parameter is easy to determine for a granular or cellular structure, 
it is difficult to obtain a meaningful parameter for materials that 
lack a clear unit cell definition, such as bicontinuous materials. Here, 
only a global perspective remains. The primary issue with topological 
descriptors such as the genus density (𝑔v) is that, as a dimensional 
property, it is not scale-invariant. Its value, therefore, changes if a given 
structure is scaled uniformly, even though the underlying topology 
is unchanged. To enable meaningful comparisons between materials 
with different microstructures and different scales, the genus must 
be scaled by a representative volume of the structure. This yields a 
dimensionless quantity known as the scaled genus density (𝑔∗v ), which 
conceptually represents a mean coordination number and allows for 
direct comparison across different materials and scales [40,42,43].

1.2. Empirical background

Exploring the connection between the microstructure and mechani-
cal properties of snow presents an empirical challenge, as many easily 
obtained microstructural parameters are highly inter-correlated and 
were found to have poor predictive power for the mechanical prop-
erties [e.g., 44]. For this reason, research in this area has recently been 
dominated by numerical studies. While experimental and analytical 
studies on this topic exist [e.g., 15,45,46], numerical simulations have 
the advantage that microstructural parameters can be well-controlled.

Although topology is a key predictor of mechanics in many porous 
materials [41], its application to snow presents unique challenges. 
Traditionally, and in many numerical models, snow is assumed to be 
a granular material. In reality, this assumption holds only for certain 
snow types, while many others — particularly complex morphologies 
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Fig. 2. Relating compressive strength and Young’s modulus of snow — specifically in the brittle failure regime relevant for slab avalanche release to a wide 
range of technical and natural materials. Comparison data from the CES EduPack 2023, Grant a Design Limited, Cambridge, UK, 2023. The data for snow, firn 
and ice are taken from [16,18,23–28], the data for bone from [29,30], and the data for nanoporous gold from [31–33].
such as depth hoar — exhibit a bicontinuous structure where individual 
grains are not clearly defined. This makes the segmentation of complex 
morphologies such as depth hoar very difficult [6,47–49]. As a result, 
μCT analyses often rely on bulk descriptors, which represent statisti-
cally averaged information over a large volume and cannot resolve 
granular-level features such as bond dimensions.

An exception to this is the minimum cut density approach by Hagen-
muller et al. [50], which identifies the smallest surface whose removal 
disconnects two opposite faces of the structure [51]. Although it is not 
a formal topological invariant and does not resolve individual grains, 
the minimum cut density provides a topology-sensitive measure that 
reflects local bond-scale properties. However, the predictive power 
of such minimum cross-sectional area approaches for microstructures 
with large heterogeneity is debated [52] and it has not yet been 
systematically tested over a wide range of snow microstructures.

Due to these limitations in extracting topological information from 
snow samples, numerical modeling has played a key role in advancing 
our understanding of the connection between snow microstructure 
and mechanics. Stochastically generated, particle-based analogues offer 
unambiguous topological frameworks and allow independent tuning 
of volume fraction and coordination number. Löwe and Picard [53] 
derived sticky-hard-sphere (SHS) model parameters — ice volume frac-
tion, sphere diameter, and stickiness — by fitting the μ CT-based 
two-point correlation function to the model’s analytical form [54]. 
These were later linked to coordination number, connecting microstruc-
ture to contact mechanics [55]. The SHS framework was then used to 
construct discrete element models, where Gaume et al. [56] and Ritter 
et al. [57] showed that strength and stiffness scale with contact density 
𝜈𝑐 = 𝑁3𝜙, consistent with the geometric-topological scaling proposed 
by Huber [40].

More recently, Blatny et al. [58] extended numerical methods to 
bicontinuous structures, which better represent the true microstructure 
of snow. They used Gaussian random fields (GRFs) to generate statisti-
cally bicontinuous microstructures, and simulated their response under 
various loading conditions with the Material Point Method (MPM). 
These simulations produced scaling exponents of 3.22 and 3.86 for 
3 
the bulk modulus and compressive strength, respectively, and showed 
sensitivity to internal friction.

1.3. Research gap

Traditional density-based parameterizations have long been used to 
characterize the mechanical properties of weak snow layers. However, 
these models neglect critical geometric and topological features that 
govern load-bearing behavior and failure, leading to large uncertain-
ties. While numerical studies have offered valuable insights, progress 
has been limited by the lack of experimental datasets linking the 
mechanical response to the three-dimensional microstructure.

In this work, we address this gap by introducing a dataset that pairs 
compressive mechanical tests on weak snow layers — both artificially 
grown and natural — with quantitative microstructural descriptors 
derived from μCT images. We adapt morphological metrics developed 
for other porous materials to characterize snow geometry and topology 
and statistically evaluate their relationship to Young’s modulus and 
compressive strength. This analysis aims to identify the structural 
parameters that most strongly influence the mechanical and failure 
behavior of snow. This could provide a foundation for improved snow 
stability prediction and more accurate mechanical models in future 
snow cover simulations.

2. Methods

Fig.  3 provides an overview of our methodology. Weak layer sam-
ples were either artificially produced or collected from the field, 
scanned using μCT, and subjected to uniaxial compression tests. High-
speed video recordings enabled the extraction of stress–strain curves 
and strain rates, from which the elastic modulus was estimated. Sub-
sequently, microstructural features were quantified and statistically 
analyzed. A neural network was trained and used to determine the 
feature importance, identifying which features were most strongly 
associated with the mechanical behavior.



J. Schöttner et al. Acta Materialia 302 (2026) 121657 
Fig. 3. Schematic workflow of the study, showing each method used, the principal results of every stage, and how those results feed into the subsequent steps 
of the analysis.
2.1. Weak layer samples

To perform mechanical experiments, the weak layers need to be 
contained between dense snow layers. This allows for cutting and trans-
porting the samples without damaging the weak layer and provides 
an interface for the mechanical tests. This sandwich-like configuration 
also helps to localize the failure within the weak layer and is therefore 
required for experimental testing of any type of weak layer. To quantify 
the effect of microstructure on the mechanical properties for different 
morphologies, we used 278 weak layer samples of three different types: 
faceted crystals and depth hoar (FC&DH - 114 samples), decomposing 
particles and rounded grains (DF&RG - 132), and buried surface hoar 
(53). Examples of the corresponding microstructures are shown in Fig. 
1.

The starting point for our analysis was a ‘‘parent sample’’ — a large 
block of snow with an internal weak layer that was either created in the 
laboratory or collected from the natural snowpack. Each parent sample 
provided the source material for 5–8 rectangular samples (65 mm 
×140 mm with variable thickness) intended for mechanical experiments 
and one specimen for μCT imaging.

For FC&DH and DF&RG, it would be very time-consuming to find 
natural samples with different microstructures in a sandwich-like con-
figuration for mechanical testing. We therefore produced these weak 
layers artificially in the cold laboratory. In the present study, we 
used the same dataset on FC&DH as in [44] and complemented it by 
performing additional tests with high-density samples. To overcome the 
inherent data scatter in snow experiments, a sufficiently large number 
of samples is necessary. We achieved this by using elevated temperature 
gradients, which sped up production at the cost of creating more 
extreme microstructures. The methods to grow weak layers of faceted 
crystals and depth hoar were described in detail in [44]. Weak layers of 
DF&RG were produced by sieving different snow types in a sandwich-
like configuration. These samples were then stored for between one 
4 
week and 6 months at temperatures between −2.5 ◦C and -20 ◦C to 
allow the grains to sinter.

Surface hoar, on the other hand, was difficult to produce in a 
laboratory environment. While we were able to grow surface hoar in 
a setup similar to [59], covering it with another layer to obtain a 
sandwich-like stratigraphy usually damaged the surface hoar severely. 
We therefore used natural weak layers of buried surface hoar for this 
study, which we harvested from the snowpack along a creek where 
surface hoar frequently forms. We sampled two different buried surface 
hoar layers at separate times in January 2024. One of the layers was 
located close to the snow surface and was covered by only a very thin 
slab. To achieve the desired slab thickness for our experiments, we 
sieved an additional layer of rounded grains on top.

2.2. Experimental testing

For the mechanical experiments, we followed the procedure pre-
viously described in [44]. Compression tests were conducted on a 
uniaxial testing machine with a 10 kN load cell (Shimadzu, Japan - 
sampling at 1 kHz and force accuracy within ±1% in the range of 20 N 
to 10 kN). This load cell was therefore well-suited for the experiments, 
as the observed sample failure loads (4.6 N to 10.1 kN, mean value of 
415 N) fell mostly within its specified accuracy range. The compression 
plate can rotate ±2.5◦ to ensure a uniform load even if the sample 
surface is slightly misaligned. To account for the strain rate dependency 
of snow and to ensure that the experiments remained within the brittle 
regime, we maintained displacement rates between 0.1 mm s−1 and 
0.4 mm s−1, yielding a theoretical strain rate of approximately 10−2 s−1
(for weak layer thicknesses of 10–40 mm, assuming the deformation is 
concentrated within the weak layer). The actual strain rate is analyzed 
later. As reported in our previous study [44], the signals of the compres-
sion experiments showed artifacts (pop-ins), due to localized failures at 
the sample-machine interface.
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Fig. 4. Determining the lag 𝜆 between the independent stress and strain signals with the help of cross-correlation: (a) shows both signals in their reference 
time frame, (b) shows the absolute increments of the stress signal (|𝛥𝜎t |) and the strain signal (|𝛥𝜀t |), which were used for the cross-correlation, (c) shows the 
cross-correlation function 𝑅𝜎𝜀(𝜆) according to Eq.  (2), the global maximum defines the lag of the two signals.
We recorded all experiments with a Phantom Veo 710L high-speed 
camera (AMETEK Vision Research, USA - 1280 px × 720 px) at 1,000 
frames per second. These videos allow us to assess the quality of the 
tests (e.g., tilting, failure outside the weak layer), but also to calculate 
the deformation within the sample using Digital Image Correlation 
(DIC). The camera was positioned both horizontally and vertically 
perpendicular to the sample to minimize perspective distortion. Lens 
distortions were negligible compared to other sources of error and the 
overall experimental scatter and were therefore not compensated in the 
analysis.

For the image correlation, we used the tracking mode of the open-
source Digital Image Correlation Engine software [60]. The analysis is 
described in detail in [44]. To evaluate the strain in the weak layer, 
we selected narrow regions of interest (ROI) immediately below and 
above the weak layer and calculated the difference in the average 
displacement of the two regions. To calculate the strain, we used the 
vertical distance between the center points of the two ROIs. The strain 
signal showed the same pop-ins as observed in the stress signal, which 
helped in synchronizing both signals.

Due to limitations in our experimental setup, the strain and stress 
signals did not have a common time coordinate (see Fig.  4a). We 
therefore determined their lag (𝜆) by cross-correlating the increments 
(𝛥𝜎t = 𝜎t − 𝜎t−1 and analogously for 𝛥𝜀t) of the two signals (Fig.  4b): 

𝑅𝜎𝜀(𝜆) =
𝑡end
∑

𝑡=𝑡start

|

|

𝛥𝜎t || ||𝛥𝜀t+𝜆|| (2)

where 𝑅𝜎𝜀(𝜆) is the cross-correlation function of the stress and strain 
increments at a given lag 𝜆. A positive 𝜆 shifts the strain signal forward 
in time relative to stress. No normalization was applied because only 
the peak position is required for the alignment. The limits 𝑡start and 𝑡end
were chosen manually to focus the analysis on the relevant timing of 
the failure, as we also recorded additional post-failure stress data. Be-
cause pop-ins occurred quasi-periodically [61], 𝑅𝜎𝜀(𝜆) often exhibited 
multiple peaks (Fig.  4c); we therefore accepted only those cases where 
a visual verification of the cross correlation success was possible. To 
this end, we looked at the moment of failure of the original signals, at 
which a correct alignment of both signals leads to opposing trends. The 
procedure yielded synchronized stress–strain curves for 241 of the 278 
experiments.

We then used the resulting stress–strain plots to estimate the effec-
tive elastic modulus of our weak layer samples. To obtain more robust 
results, we also used the slopes of the pop-ins for this analysis (shown 
for one example in Fig.  5). From the 241 samples where we were able to 
correlate the stress and strain signal, we identified 987 regions showing 
5 
a consistent stress–strain response (pre-failure behavior and slopes of 
pop-ins). We identified each of these regions by their local minimum 
and maximum. The first region analyzed was always the slope leading 
to the ultimate strength of the samples. In addition, we selected regions 
earlier if pop-ins were present.

We estimated an effective elastic modulus, 𝐸eff , for each of the 
987 stress–strain segments with an incremental window-growing re-
gression. Starting with the first 10% of the stress–strain data points, 
we fit a regression line and computed the coefficient of determination, 
R2. If R2 ≥ 0.9, the slope was accepted as 𝐸eff . Otherwise, the window 
was enlarged in steps of one data point until the criterion was met 
or the window encompassed 50% of the segment, beyond which the 
test was discarded. This universal approach, based on the R2 value, 
allowed us to reproducibly identify a sufficient linear region for most 
samples, while standard methods (e.g., the 0.2% method [62]) did not 
reliably work due to the limitations of our data in terms of resolution 
and scatter. We also calculated a strain rate 𝜀̇DIC based on the final 
regression window.

For a more generalized comparison, our experimental results were 
normalized against reference mechanical properties of the bulk ma-
terial. Specifically, the yield strength of polycrystalline ice (𝜎∙ ≈
2 MPa) [18] served as the normalization factor for strength, while the 
Young’s modulus of polycrystalline ice (𝐸∙ ≈ 10 GPa) [63] was used for 
elasticity.

2.3. Microstructural analysis

We used μCT imaging (μCT 90, Scanco Medical, Switzerland - 
nominal resolution < 8 μm at 10% of the modulation transfer function) 
to quantify the microstructure of every parent sample (70 scans in 
total). As scan parameters, we chose a source current of 145 μA at 
55 kV, an integration time of 300 ms for 1500 projections, and we 
averaged the data twice per projection. The reconstructed geometry 
was Gaussian filtered to reduce noise (width = 1.2 voxels, support = 
2 voxels) and binary segmented [64]. We used three different sample 
holders (50 mm, 70 mm and 90 mm) resulting in voxel sizes of 
(16.2 μm)3, (22.8 μm)3, and (29.1 μm)3. The selection of different sample 
holders represented a necessary trade-off between maximizing imaging 
resolution and preserving the structural integrity of the fragile weak 
layer. Lower resolutions were generally only used for microstructures 
with a specific surface area (SSAice) below a value of 20 mm−1, to avoid 
the loss of structural detail [e.g., 65].

The μCT scans were utilized for a comprehensive analysis of the 
weak layer microstructure, encompassing the following:
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Fig. 5. Example illustrating the determination of the elastic modulus from linear segments of the stress–strain curve. Distinct regions, identified by local maxima 
and minima, are color-coded together with their corresponding regression lines. The regression analysis started with the initial 10% of data points per region, 
incrementally including additional points until the criterion R2 ≥ 0.9 was satisfied.
(i) To calculate average (bulk) properties of the weak layer, we 
manually selected a cubic region of interest (ROI) containing only the 
weak layer. The size of the ROI was limited by either the thickness of 
the weak layer or the size of the sample holder. The minimum ROI size 
was 278 voxels ((8.09 mm)3), which we assumed to be a sufficiently 
large representative volume, similar to [17,66,67]. Typically, the ROI 
was much larger (> 1000 voxels). This ROI was then used to calculate a 
wide range of parameters: Volume fraction, representing the proportion 
of ice and air in the sample, was calculated based on the triangulated 
surface mesh (𝜙tri) and based on the voxel fraction (𝜙vox). The trian-
gulated mesh was generated using a marching cubes algorithm [68]. 
For the calculation of the specific surface area (SSA) — a measure 
describing the surface-to-volume ratio of the structure — we again used 
the triangulated surface mesh. The total surface area was normalized 
by either the volume of ice phase (SSAice) or the volume of the pore 
space (SSApore). Furthermore, several microstructural parameters were 
calculated from the binary 3D data: chord length distributions (𝑙c), 
which describe the statistical lengths of straight lines within a single 
phase; connectivity density (𝐶v), a measure of the structure’s connect-
edness calculated from the Euler characteristic; and the exponential 
correlation length (𝜉), which represents the characteristic size of the 
structural features.

(ii) To resolve heterogeneity within the weak layer, we performed 
a moving window analysis on each sample to generate high-resolution 
vertical profiles. Here, we chose a window size of 1000 × 1000 × 100 
voxels (𝑥, 𝑦, 𝑧) and a 𝑧-overlap of 50%. Volume fraction and SSA were 
calculated for each slice as described above. We used the profiles 
to find the minimum values of volume fraction and SSA (min

(

𝜙tri
)

, 
min

(

SSAice
)

) of each weak layer sample [44].
(iii) We calculated further morphology metrics using additional 

software or custom python code:
First, we used the open-source software ImageJ for additional topol-

ogy and geometric evaluations. We calculated Euler characteristics (𝜒) 
and local thickness distributions (𝑡), where local thickness is defined 
as the diameter of the largest sphere that fits within the structure and 
contains a given point with the BoneJ plugin for Fiji (ImageJ) [69–71].

Second, we used a plugin developed by Roque and Costa [72] for 
ImageJ [73] to calculate tortuosity (𝜏ice) of the ice structure (a measure 
for the complexity or sinuosity of paths through porous structures). 
This plugin uses a geodesic reconstruction algorithm, which gives 
robust estimates for 𝜏ice without the need to use skeletonization [74]. 
The algorithm calculates the geodesic distance 𝑙  of each pixel of the 
g

6 
microstructure relative to a starting plane and compares this against the 
Euclidean distance 𝑙e. 𝜏ice is then estimated from the slope of the best 
fit line of 𝑙g as a function of 𝑙e. The plugin allows selecting the number 
of neighboring pixels (6, 18, or 26) for geodesic distance calculation; 
we consistently chose 6 neighbors.

Third, we quantified the curvature of the ice-air interface of the 
microstructure. To this end, we used the triangulated surface meshes 
of all samples, which we analyzed using the VTK library [75]. The 
mean curvature 𝐻 was computed as a weighted average of dihedral 
angles along the edges connected to each vertex, capturing how much 
a vertex deviates from its neighbors. The Gaussian curvature 𝐾 was 
calculated using the angle defect method, which measures deviation 
from flatness by summing the angles of all adjacent faces at a vertex 
and normalizing the difference from 2𝜋 by the associated area. From 
𝐻 and 𝐾, we derived the principal curvatures 𝜅1 > 𝜅2: 

𝜅1 = 𝐻 +
√

𝐻2 −𝐾, 𝜅2 = 𝐻 −
√

𝐻2 −𝐾 (3)

These are the extrema of normal curvature in orthogonal directions. 
The principal curvatures enable us to classify points on the surface 
mesh into three distinct categories: concave regions (𝛾conc: 𝜅1 < 0, 𝜅2 <
0), convex regions (𝛾conv: 𝜅1 > 0, 𝜅2 > 0), and saddle-shaped regions 
(𝛾saddle: 𝜅1 > 0, 𝜅2 < 0). Using these definitions, we classified all points 
on the surface mesh and computed the fractions corresponding to each 
category. As we did not employ adaptive mesh refinement, we assumed 
that the element-based fractions provide a representative distribution 
throughout the sample.

Fourth, we used the algorithm of Hagenmuller et al. [50] to find 
the minimum cut plane. This method uses a network-based heuristic 
to identify the minimal cross-sectional ice area that, if removed, would 
split the snow sample into two disconnected parts. The resulting min-
imum cut plane allows for the calculation of the cut area (𝑀c,A) and 
the number of bonds (𝑀c,N) that need to be removed to achieve this 
separation.

Building upon the previously summarized microstructural param-
eters, which are direct measurements of the microstructure, we can 
derive higher-level descriptors. These parameters often result from 
combining or normalizing basic measurements to capture invariant 
aspects of the microstructure. Such descriptors can provide a more 
comprehensive understanding of material properties. Grain size is a 
common microstructure parameter, recorded in every traditional snow 
profile. Although defining a discrete grain size is conceptually paradoxi-
cal for a bicontinuous medium such as snow, the parameter represents a 
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characteristic length scale of the material and has thus implications for 
remote sensing and mechanical considerations. Determining the grain 
size exactly for all types of snow microstructures from μCT data is non-
trivial; therefore, it is usually simplified as optical grain size 𝑑opt , which 
assumes spherical grains. In theory it can be calculated both from SSAice
or the mean chord length 𝑙cl,ice [42,76]: 

𝑑opt =
6

SSAice
=

3𝑙c,ice
2

(4)

The genus 𝑔 is a dimensionless topological descriptor that counts 
the number of through-going tunnels (holes or loops) in a material’s 
microstructure [77]. In three-dimensional porous media, it is typically 
derived from the Euler characteristic 𝜒 . For a fully connected structure 
that contains no isolated pores (= bicontinuous structure), the genus 
per unit volume 𝑔v equals the connectivity density 𝐶v. These parameters 
describe the topology of the microstructure, but they are dimensional 
and not scale-invariant and therefore not suitable to compare topology 
across different microstructures. To obtain a true, scale-invariant metric 
for topology, it is customary to normalize 𝑔v(≡ 𝐶v) by an appropriate 
characteristic volume of the microstructure [e.g., 42,43], yielding the 
scaled genus density (𝑔∗v ) [40,78–80]: 

𝑔∗v [ ] ∝ Cv
(

𝓁rep
)3 (5)

In the context of snow microstructure, there are several length scales 
𝓁rep that would be suited to calculate 𝑔∗v , such as the correlation and 
chord lengths, ligament- and pore-size distributions, the inverse specific 
surface area [81], and the inverse principal curvature [82], which we 
will evaluate in the results section of this study. One more high-level 
metric we used was anisotropy. Snow anisot-
ropy is commonly defined by the relation of vertical correlation length 
to horizontal correlation lengths according to the general formula-
tion [83]: 

𝛼 = 𝓁𝑧

0.5 (𝓁𝑥 + 𝓁𝑦)
= 𝓁𝑧

𝓁𝑥𝑦
(6)

In addition to this metric, we similarly calculated anisotropy based on 
the minimum cut area, minimum cut bond number, chord lengths, and 
tortuosity. All the parameters used in this analysis are summarized in 
Table  1.

2.4. Data-driven analysis

To identify the microstructural parameters that govern macroscopic 
stiffness and strength across all considered grain types, we derived fea-
ture importance scores from a neural network. The workflow consisted 
of four steps: (i) data standardization, (ii) supervised model train-
ing with hyperparameter tuning using a grid search, (iii) correlation-
based clustering to handle multicollinearity, and (iv) permutation-
importance scoring within each cluster. The workflow was imple-
mented in a Jupyter Notebook with scikit-learn [84] and scipy [85].

(i) Data and targets: 44 geometric and topological descriptors ex-
tracted from μCT were 𝑧-standardized (mean 0, variance 1; [86]) and 
used to predict the parent-sample-averaged elastic modulus and com-
pressive strength. The target variables were log-transformed to reduce 
the disproportionate influence of the largest values.

(ii) Model training: We chose a fully connected multilayer percep-
tron (MLP) because it can approximate arbitrary continuous mappings 
yet remains interpretable with post-hoc tools [87]. Architectures com-
prising one to three hidden layers, each containing 10, 20, 50 or 100 
neurons and using 𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦, 𝑡𝑎𝑛ℎ or 𝑟𝑒𝑙𝑢 activations, were explored. 
Hyperparameters were selected by a grid search embedded in a 10 × 10 
repeated 𝑘-fold cross-validation [88]; the best configuration was then 
refitted to 80% of the data and evaluated on the remaining 20% 
hold-out set. As a benchmark metric during training, we used the 
Mean Absolute Percentage Error (MAPE), which quantifies the average 
magnitude of prediction errors relative to the actual values [89]. MAPE 
7 
Table 1
List of microstructural descriptors with abbreviations, full names, and data 
sources. Lucid Xamflow (XF) is our standard 𝜇CT evaluation software.
 Abbr. Full name Source  
 𝜙tri triangulated bulk volume fraction XF  
 𝜙vox voxel-based bulk volume fraction XF  
 min

(

𝜙tri
)

minimal profile-based volume 
fraction

XF  

 SSAice Bulk SSA norm. by ice volume XF  
 min

(

SSAice
)

minimal SSA profile XF  
 SSApore bulk SSA norm. by pore volume XF  
 𝜉𝑧 vertical exponential correlation 

length
XF  

 𝜉𝑥𝑦 mean horizontal exponential 
correlation length

XF  

 𝛼𝜉 vertical anisotropy based on 𝜉 Eq. (6)  
 𝑙c,ice mean chord length ice Krol and Löwe [42]  
 𝑙𝑧c,ice mean vertical chord length ice Krol and Löwe [42]  
 𝑙𝑥𝑦c,ice mean horizontal chord length ice Krol and Löwe [42]  
 𝛼c,ice vertical anisotropy, based on 𝑙c,ice Eq. (6)  
 𝑙c,pore mean chord length pore Krol and Löwe [42]  
 𝑙𝑧c,pore mean vertical chord length pore Krol and Löwe [42]  
 𝑙𝑥𝑦c,pore mean horizontal chord length 

pore
Krol and Löwe [42]  

 𝛼c,pore vertical anisotropy based on 𝑙c,pore Eq. (6)  
 𝐶v connectivity density XF,[70]  
 𝑔∗v,SSA scaled genus density calculated 

using SSAice

Eq. (5)  

 𝑡ice mean local ice thickness Domander et al. [70]  
 std (𝑡ice) standard deviation of 𝑡ice Domander et al. [70]  
 max

(

𝑡ice
)

maximal 𝑡ice Domander et al. [70]  
 𝑡pore mean local pore thickness Domander et al. [70]  
 std (𝑡pore) standard deviation of 𝑡pore Domander et al. [70]  
 max

(

𝑡pore
)

maximal 𝑡pore Domander et al. [70]  
 𝜒 corrected Euler characteristics of 

the fully-connected structure
Domander et al. [70]  

 𝐻 mean interface curvature Sullivan and Kaszynski [75] 
 𝐾 Gaussian interface curvature Sullivan and Kaszynski [75] 
 𝜅1 mean first principal curvature Eq. (3)  
 std (𝜅1) standard deviation of 𝜅1 Eq. (3)  
 𝜅2 mean second principal curvature Eq. (3)  
 std (𝜅2) standard deviation of 𝜅2 Eq. (3)  
 𝛾conv convex interfacial fraction Eq. (3)  
 𝛾conc concave interfacial fraction Eq. (3)  
 𝛾saddle saddle interfacial fraction Eq. (3)  
 𝜏𝑧 vertical tortuosity Roque and Costa [72]  
 𝜏𝑥𝑦 mean horizontal tortuosity Roque and Costa [72]  
 𝛼𝜏 vertical anisotropy based on 𝜏 Eq. (6)  
 𝑀𝑧

c,A vertical MinCut bond area per m2 Hagenmuller et al. [50]  
 𝑀𝑥𝑦

𝑐,𝐴 mean horizontal MinCut bond 
area per m2

Hagenmuller et al. [50]  

 𝛼𝑀c,A
vertical anisotropy based on 𝑀c,A Eq. (6)  

 𝑀𝑧
c,N vertical MinCut bond number per 

m2
Hagenmuller et al. [50]  

 𝑀𝑥𝑦
c,N mean horizontal MinCut bond 

number per m2
Hagenmuller et al. [50]  

 𝛼𝑀c,N
vertical anisotropy based on 𝑀c,N Eq. (6)  

was chosen because it is less sensitive to outliers than other common 
error metrics.

(iii) Handling multicollinearity: To avoid inflating importance
scores, we grouped highly correlated predictors before interpretation. 
Absolute Spearman rank correlations (|𝑟s|) were converted to distances 
𝑑 = 1 − |𝑟s| and hierarchically clustered with average linkage [90]. 
Cutting the dendrogram at 𝑑 = 0.25 yielded clusters whose members 
share |𝑟s| ≥ 0.75.

(iv) Permutation importance and ranking: We estimated the con-
tribution of every descriptor with permutation importance [91] (cross-
validation with 50 splits and 1000 permutations per fold on the hold-
out set). Importance values of variables belonging to the same cluster 
were averaged, producing a ranked list of microstructural motifs — 
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Fig. 6. Mean strain rate per parent sample from our experiments plotted in 
temporal order, obtained through Digital Image Correlation (DIC). The color 
corresponds to the weak layer category FC&DH (yellow), DF&RG (blue) and 
SH (purple). The vertical error bars represent the observed standard deviations 
per parent sample.  (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.)

rather than single, collinear descriptors — that most strongly influence 
the predicted mechanical response.

3. Results

We conducted displacement-controlled compression tests on 278 
weak layer samples, including faceted crystals and depth hoar (114 
samples, of which 92 were already published in [44]), precipitation 
particles and rounded grains (132 samples), and buried surface hoar 
(53 samples). In parallel, we performed 70 μCT scans to obtain detailed 
microstructural information for the samples. The combined dataset 
was then used to find the microstructural features associated with 
the mechanical response. For clarity, we present the results in three 
sections: experimental results, microstructural results, and statistical 
results. These are discussed in the same order.

3.1. Experimental results

To verify the experimental conditions, we first address strain rate, 
a parameter to which snow’s mechanical properties are highly sen-
sitive. Schöttner et al. [44] found a large discrepancy between the 
displacement rate applied by the testing machine and the actual strain 
rate observed within the weak layer. Using DIC on all our samples, we 
found that the mean strain rate during our experiments was relatively 
consistent across all sample types, averaging 2.1(±0.9) ×10−3 s−1 (Fig. 
6).

The effective elastic behavior derived from the DIC analysis (Fig. 
7a) revealed distinct relations on volume fraction for different types 
of weak layers. Notably, faceted crystals and depth hoar (FC&DH) 
exhibited a stiffer effective elastic behavior compared to decomposing 
particles and rounded grains (DF&RG) at comparable densities. Our 
experimental results are best described using a power law relation with 
the bulk weak layer volume fraction, which we fitted using an orthogo-
nal distance regression (ODR - [92]). The largest power law exponent, 
5.1, was observed for faceted crystals and depth hoar. For decomposing 
and fragmented particles and rounded grains, the exponent was slightly 
lower (4.6), and their curve consistently was below that of depth hoar, 
although the difference is within the margin of error. In contrast, 
buried surface hoar exhibited a different behavior, characterized by a 
shallower slope with a power law exponent of 1.7. For the effective 
elastic modulus, Fig.  7a includes the data from both the initial pop-ins 
and the slope leading to the ultimate strength. If we only considered 
the elastic regions of the slope leading to ultimate strength (see Fig. 
8 
A.1), we found similar results, but with more scatter in the data. The 
quality of the fits was quantified using the reduced chi-squared value, 
𝜒2
red. The SH layers yielded a 𝜒2

red of 0.2 — substantially below the 
ideal value of 1 — indicating that the experimental uncertainties are 
relatively large compared to the well-defined linear trend of the mean 
values. In contrast, FC&DH and DF&RG layers had 𝜒2

red values of 0.8 and 
2.2, respectively, suggesting a more balanced correspondence between 
the orthogonal distance regression fits and the data scatter.

To validate our approach of calculating the effective elastic modulus 
from the slopes of the pop-ins, we investigated whether this introduced 
any systematic errors. The example in Fig.  5 showed an increasing 
trend in the elastic modulus for each pop-in. To determine whether this 
was a systematic effect, we examined how the elastic modulus evolved 
with the number of pop-ins prior to failure. Specifically, we normalized 
each pop-in’s elastic modulus and strain rate by the mean value of all 
pop-ins in a given sample and then averaged these normalized values 
across all samples. As shown in Fig.  A.9, no clear trend emerged for the 
elastic modulus when considering all samples. The strain rate, however, 
increased for each pop-in. We therefore conclude that our approach — 
using the slopes of pop-ins to obtain additional data points and thereby 
reduce scatter — is valid.

The results for the ultimate compressive strength (Fig.  7b) also 
exhibited a distinct scaling for different crystal types. Faceted crystals 
and depth hoar again exhibited the largest exponent, characterized by 
a power law exponent of 5.7. However, in contrast to the trends seen 
for the elastic modulus, the power law exponents for rounded grains 
and buried surface hoar were similar, with exponents of 2.8 and 2.1, 
respectively. The lines of best fit for these two crystal types were closely 
aligned, differing by only a small vertical offset. The quality of the fits 
for the ultimate strength data was reasonable, with 𝜒2

red values ranging 
from 1.4 to 3.0. These values suggest that the error bars may be slightly 
underestimated, as the observed scatter in the data is not fully captured 
by the current error bars.

Further insight is gained from the material’s scaling behavior. 
Rather than independent data points, the results regarding stiffness 
and strength reveal fundamental differences in the mechanical behavior 
of each grain category. This is best illustrated by plotting normalized 
strength versus normalized elastic modulus, thereby removing the in-
fluence of volume fraction. As shown in Fig.  8, two distinct behaviors 
emerge: the persistent grain types FC&DH and SH showed steep slopes 
of 1.1 and 1.2, respectively, while the DF&RG was characterized by a 
much shallower slope of 0.65.

3.2. Microstructure results

We extracted 44 microstructural descriptors for each of the 70 μCT 
scans. Among these, the minimum cut bond area — representing the 
minimal area that, if removed, separates the sample in the vertical 
direction — emerged as the single best predictor of mechanical proper-
ties. Remarkably, this parameter enables a collapse of the mechanical 
response across different grain types onto a single curve (Fig.  9). This 
is likely because, while both strength and minimum cut bond area 
exhibit distinct dependencies on volume fraction for each grain type 
(see Fig.  A.8, their respective variations appear to compensate for each 
other when strength is related to minimum cut bond area, resulting in 
this unified behavior. Regarding the strength scaling, Fig.  9b) reveals 
two distinct behaviors: a plateau in strength for 𝑀𝑧

c,A values below 
approximately 1%, followed by a power-law relationship at higher 
values.

While other microstructural metrics also showed interesting re-
lations, we do not present them individually here. Many of these 
parameters were strongly inter-correlated [44], making it challenging 
to isolate their individual contributions to the mechanical behavior. 
For completeness, the most relevant of these additional descriptors are 
included in the Appendix. To facilitate comparison, we express each 
of them as a function of volume fraction: SSA (Fig.  A.2), correlation 
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Fig. 7. (a) Elastic modulus and (b) compressive strength as a function of volume fraction and density. The different colors correspond to the three groups of grain 
types. The values are normalized with the Young’s modulus (10 GPa) and the tensile strength (2 MPa) of polycrystalline ice. The vertical error bars represent the 
standard deviation of the experimental results, the horizontal error bars are an estimate for the spatial variability of volume fraction within a parent sample [44].

Fig. 8. Normalized strength vs normalized elastic modulus shown for our experimental data. The values are normalized with the elastic modulus and tensile 
strength of polycrystaline ice (see Section 2.2). Additionally we show the power laws of  Gaume et al. [56], Blatny et al. [58]. For the latter we transformed the 
bulk modulus power law assuming a poison ratio of 0.26.
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Fig. 9. Elastic modulus (Panel a) and compressive strength (Panel b) vs the vertical minimum cut area 𝑀𝑧
c,A. The vertical error bars represent the standard 

deviation of the experimental results. The Mean Absolute Percentage Error (MAPE) of the presented fits is 53.2% for Young’s modulus and 63.6% for strength.
lengths and anisotropy (Fig.  A.3), interface curvature (Fig.  A.4) and 
curvature classification (Fig.  A.5), local thickness (Fig.  A.6), tortuosity 
(Fig.  A.7), and minimum cut density (Fig.  A.8). The interested reader 
can find more details in the supplemental materials.

3.3. The role of topology

To investigate the influence of topology on snow microstructure and 
mechanical behavior, it is essential to identify a scale-invariant topolog-
ical descriptor, namely the scaled genus density 𝑔∗v . A typical approach 
in the literature is to adopt the inverse specific surface area (1∕SSAice
— see Eq. (4)) as the characteristic length scale [e.g., 81,93]. Using 
this, we computed 𝑔∗v,SSA according to Eq. (5), which yielded an almost 
perfectly monotonic trend with volume fraction for the persistent grain 
types (Fig.  10). The DF&RG samples, however, were well off this curve. 
While this is promising in separating the different crystal types, it did 
not allow for a convincing data collapse of our experimental mechanical 
data as a function of volume fraction and topology. This remained true 
even when the 𝑔∗v was calculated using other microstructural length 
metrics from our dataset, including correlation- and chord lengths, 
ligament- and pore-size distributions, the inverse specific surface area, 
and the inverse principal curvature [82].

To further investigate the relationship between topology and mi-
crostructure, we approached the problem from a different perspective. 
Rather than seeking a length scale that would allow the scaled genus 
density to explain the mechanical results, we instead aimed to identify a 
length scale that collapses the scaled genus density 𝑔∗v across all grain 
types onto a single master curve. Such a collapse would indicate the 
length scale most representative of the internal structure — a proxy 
for the size of a hypothetical structural unit cell. To this end, we re-
evaluated all available microstructural length scales in our dataset. For 
each candidate, we computed the corresponding scaled genus density 
and assessed the quality of the resulting collapse using the coefficient of 
determination (𝑅2) from a global log–log power law fit across the grain-
type groups. As shown in Fig.  11a, the best collapse was achieved by 
the mean chord length of ice in the vertical direction 𝑙𝑧c,ice, followed by 
the mean overall chord length of ice 𝑙  and the mean local thickness 
c,ice

10 
𝑡ice. The corresponding master curve obtained using the best-performing 
metric is shown in Fig.  11b.

3.4. Data-driven exploration

We used a neural network to identify the features that most strongly 
control the mechanical behavior of weak layers and to predict mechani-
cal properties from microstructural descriptors. For the elastic modulus, 
the search for the hyperparameters settled on a relatively small network 
— three hidden layers of 10 neurons each with tanh activation — yet 
cross-validation (CV) still gave a relatively high MAPE (≈ 71 (±62)%), 
even though the held-out test error was lower (≈ 60%). For peak stress, 
a slightly smaller architecture — two hidden layers of 10 neurons 
each with relu activation — proved optimal, yielding a CV MAPE of 
≈ 65 (±35)% and a test MAPE of ≈ 40%.

We grouped features into a small number of non-overlapping clus-
ters based on their pairwise Spearman correlation, using a distance 
threshold of 0.25 (i.e. |𝑟s| ≥ 0.75 — see (Fig.  12a). For each cluster, 
the mean permutation importance across all its features was computed 
and used as the cluster-level importance.

The resulting cluster importance shows that the elastic modulus 
(Fig.  12b) was primarily influenced by Cluster 4, which was defined 
by anisotropies calculated from the minimum cut density, along with 
vertical tortuosity. In contrast, compressive strength (Fig.  12c) was 
associated with a broader range of clusters exhibiting relatively high 
permutation importance. The most influential was Cluster 6, which 
included various interfacial curvature parameters, followed by vertical 
tortuosity. Cluster 1 and the saddle fraction also ranked relatively high 
in importance.

Our main analysis identified global relationships across the dataset, 
which can obscure trends within distinct subsets like different grain 
types. To investigate these specific behaviors, we performed a separate 
analysis for each grain type. The results, presented in Fig.  A.11, show 
that each subset yields different clustering patterns and variable impor-
tance rankings. Especially the different clustering makes it difficult to 
draw further conclusions. The combination of these divergent results 
and the subjectivity of the underlying grain classification reinforces 
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Fig. 10. Scaled genus density, 𝑔∗S𝑆𝐴 = 𝐶v × SSA−3
ice, obtained by normalizing the connectivity density with the cube of the inverse specific-surface area of ice. The 

horizontal error bars are an estimate for the spatial variability of volume fraction within a parent sample [44].

Fig. 11. Finding a representative length scale of topology in snow. Panel (a) shows 𝑅2 ranking of length-scale candidates for collapsing 𝑔∗v of the different weak 
layer types on a single curve. Panel (b) shows the best collapse using the mean vertical chord length of the ice phase 𝑙𝑧c,ice. The horizontal error bars are an 
estimate for the spatial variability of volume fraction within a parent sample [44].
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Fig. 12. Resulting feature importance based on the clustered features. Panel (a) shows a dendrogram of the distance (1-correlation) of all features, the clusters 
based on a distance threshold of 0.25. These clusters were then used to calculate an aggregated feature importance for each cluster for (b) elastic modulus and 
(c) compressive strength.
our focus on identifying universal relationships that are independent 
of grain type.

We also tested other state-of-the-art statistical methods to under-
stand the link between microstructure and mechanics, such as princi-
pal component analysis (PCA - Fig.  A.12) and polynomial regression. 
However, these methods performed poorly, likely due to the strong 
multicollinearity present in our dataset.

4. Discussion

We performed 278 compression tests on weak layers to explore the 
link between microstructure and mechanical behavior. The results show 
that the mechanical properties relate differently to volume fraction 
depending on the grain type category. The observed scatter in me-
chanical properties spans roughly one order of magnitude and can be 
partly attributed to differences between grain type categories. Within a 
single category, the variability is smaller and consistent with the scatter 
reported in previous mechanical studies on snow [e.g., 14,94].

4.1. Experimental results

For the elastic modulus in compression, FC&DH and DF&RG 
layers exhibited volume fraction power law exponents of 5.1 and 4.6, 
respectively, whereas SH layers showed a much lower exponent of 1.7. 
The quality of the fits was reasonable with 𝜒2

red values in the range of 
0.2 to 2.2.

A comparison with literature data shows consistent trends. Fig.  13 
compares our measured elastic moduli with predictions from Gerling 
et al. [20] (Panel a) and Sundu et al. [19] (Panel b). In both cases, 
values are systematically offset from the 1:1 line, which is expected for 
snow given the well-documented discrepancies between the observed 
12 
relation between stress and strain, and the theoretical Young’s mod-
uli [e.g94]. These discrepancies likely arise from non-ideal behaviors 
such as minor viscoplasticity during loading. The resulting apparent 
stiffness is termed the ‘‘effective elastic modulus’’, 𝐸eff , a necessary 
simplification of snow’s time dependent behavior that enables the 
application of non-time-dependent models to snow mechanics [e.g., 9].

In particular, [20] reported scaling exponents between 4.0 and 4.6 
for rounded-grain snow using a FEM-based approach combined with 
μCT scans, and acoustic measurements. When comparing their FEM-
based power law to our data, we observed not only the previously 
mentioned offset in elastic modulus but also an additional discrepancy 
between FC&DH and DF&RG layers of approximately a factor of 2. Also, 
because the power law exponents differ, the power law fits are not 
parallel to the 1:1 line (Fig.  13a). Layers with buried SH showed a much 
larger exponent, indicating that the density-based parameterization 
overestimated the effect of density on the elastic modulus.

In contrast, employing the parameterization by [19] resulted in a 
better alignment. As shown in Fig.  13b, the fitting lines for FC&DH 
and DF&RG now coincide and run nearly parallel to the 1:1 line, albeit 
with an offset of roughly a factor of 8. Although this parameterization 
corrects the slope discrepancy observed with the density-based parame-
terization — highlighting the role of anisotropy — scatter within each 
grain type category (reflected by the R2 values) remains unchanged. 
As with the density-based parameterization, the SH data points remain 
closely aligned with the 1:1 line. A plausible explanation for this 
observation is, that SH weak layers often incorporate smaller grains 
from the subsequent snowfall (see Fig.  1). These grains may increase the 
overall volume fraction, even though only the large SH crystals carry 
the load. Therefore, the bulk volume fraction may be an inaccurate 
input parameter for the parameterizations.

For the ultimate strength in compression, DF&RG layers exhib-
ited a volume fraction lower power law exponent (2.8) compared to 
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Fig. 13. Comparison of our experimentally determined elastic moduli with the two most recent parameterizations in the literature. Panel (a) shows the comparison 
with the density-based parameterization of [20], panel (b) shows the comparison with the volume fraction- and anisotropy-based parameterization of [19]. The 
error bars represent the standard deviation of the experimental results.
 

FC&DH (5.7), which is slightly higher than the previously reported 
value (5.4; [44]) due to the inclusion of additional high-density data. 
The relation for SH layers had a similar exponent of 2.3. The quality 
of the fits was reasonable, with 𝜒2

red values ranging from 1.4 to 3.0, 
meaning that the error estimate did not fully capture the scatter in the 
data and potential natural variability.

A detailed comparison for FC&DH with literature data was provided 
in [44]. In brief, our strength data agreed well with most previously 
reported values. For example, Reiweger and Schweizer [95] reported 
compressive strengths of 2.5–6 kPa for depth hoar layers with a density 
of 190 kg m−3, which is close to our results despite differing loading 
conditions. Chandel et al. [96] found strengths of 0.3–1.4 kPa for 
faceted crystals at lower densities (100–200 kg m−3), also consistent 
with our data. Numerical studies (e.g., Chandel et al. [96], Mede et al. 
[97]) reported strengths ranging from 2 to 7.5 kPa, though they found a 
weaker density dependence than observed in our experiments. Overall, 
despite methodological differences, the literature supports our findings 
for FC&DH layers.

Many studies reported compressive strength data for rounded grains,
but variations in strain rate, temperature, and experimental setup limit 
direct comparability. Wang et al. [98] measured strengths around 
100 kPa at densities of 350 kg m−3 and loading rates similar to ours. 
This is substantially higher than our DF&RG values (∼30 kPa from our 
fit), but closer to our FC&DH values. This likely reflects differences 
in sample preparation and testing conditions. Kinosita [24] reported 
a density-scaling exponent of 3, consistent with our DF&RG results. 
Similarly, Smith [23] found strengths of ∼70 kPa at 400 kg m−3, in 
good agreement with our fit.

For the compressive strength of SH, two experimental studies exist 
in the literature. Chandel et al. [99] found the compressive strength of 
artificially grown SH to be in the range of 1.0 to 2.3 kPa (with a density 
estimated at approximately 40 kg m−3). Similar values (although no 
pure compression tests were performed) were reported by Reiweger 
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et al. [100] for weak layers with densities between 60 and 70 kg m−3. 
The values of both studies are close to our results.

Two studies directly comparing different weak layer types offer 
context for the overall trends in our results. Hagenmuller et al. [101] 
found that microstructures formed under temperature-gradient meta-
morphism were less resistant to compression than those formed under 
isothermal conditions, even at equal densities. In contrast, our data 
suggest an overall opposite trend. However, at low volume fractions 
(below 0.2), we observed similar strength values for both microstruc-
ture types. The power law behavior further indicates that, at such low 
volume fractions, isothermal samples (DF&RG) may even be stronger 
than temperature-gradient samples (FC&DH). Jamieson and Johnston 
[14], though focused on shear experiments, reported a comparable 
trend: a larger power law exponent for persistent grain types than 
for non-persistent ones. However, their exponents were substantially 
lower, pointing to a weaker density dependence in shear compared to 
compression.

The strain rates measured via DIC agreed with the values estimated 
by [44]. Fig.  6 shows that the strain rates of all of our samples were 
comparable with most samples exhibiting strain rates above 10−3 s−1, 
which was one order of magnitude lower than expected based on the 
displacement rate of the testing machine. This highlights the need for 
detailed strain measurements of the weak layer. Our findings suggest 
that strain rate estimates from experimental studies in the literature, 
when not based on DIC measurements, are likely biased.

The average strain rate across all samples was 2.1×10−3 s−1, suggest-
ing the experiments were within the brittle failure regime but close 
to the brittle-to-ductile transition [61]. Notably, the FC&DH samples 
showed slightly lower strain rates than this average, a behavior we 
attribute to the faceting of the slab layers. Although the overall condi-
tions were brittle, some minor plastic (ductile) effects were observed, 
such as irreversible strain offsets in the stress–strain curves (Fig.  5). 
We also observed a change in the strain rate with every pop-in. Fig. 
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A.9 shows that the measured strain rate increased with every pop-in by 
about 10%. This may be due to plastic processes at the sample-machine 
interface, leading to a more direct transmission of deformation towards 
the weak layer.

The presence of these ductile components suggests that faster load-
ing rates would be needed to obtain purely brittle failure. However, the 
limited temporal resolution of our testing equipment means that higher 
rates would drastically reduce the stress–strain signal’s resolution, po-
tentially leading to increased data scatter.

We also investigated the strain upon failure to search for differences 
in the behavior of the different types of weak layers. Fig.  A.10 shows 
the strain in the weak layer when the ultimate strength was reached. 
We found an average value of 0.2%, and no clear differences for dif-
ferent weak layer types. We also identified two samples with very high 
strain values at failure, which we double-checked for irregularities, but 
we did not find a clear cause. The observed strain at failure agreed with 
the value reported by Chandel et al. [99] for SH.

4.2. Data-driven exploration

Identifying the microstructural features that govern mechanical be-
havior proved challenging, as many of them are highly correlated. This 
high degree of multicollinearity rendered simple statistical methods 
ineffective. A principal component analysis (Fig.  A.12), for example, 
showed that while six components explained 95% of the variance, 
their loadings were broadly distributed, making physical interpreta-
tion impossible. To overcome this, we employed a machine learning 
approach and addressed the multicollinearity by clustering features 
into correlated groups. This method improved both model robustness 
and the interpretability of feature importance, enabling our model to 
reveal that distinct structural aspects govern the different mechanical 
properties, summarized in Fig.  12.

A methodological point to consider is that our analysis was per-
formed on the dataset as a whole. Consequently, the results reflect 
the average correlation structure across all data points, aiming to find 
links between mechanics and microstructure fundamental to snow. 
This, however, can mask relations and can differ from the feature 
relationships that exist within distinct subsets (i.e. grain types) of 
the data. The results must therefore be interpreted with care. For 
instance, while volume fraction is a known predictor of stiffness [19], it 
ranked low in our global analysis. This discrepancy arises because the 
strong relationship between volume fraction and stiffness is grain type-
dependent and becomes obscured when all data are combined. This is 
also true for other features which showed a grain-dependent behavior 
such as minimum cut density (Fig.  9), tortuosity (Fig.  A.7), curvature 
(Fig.  A.5), and local thickness (Fig.  A.6). For practical applications, we 
suggest focusing on the most dominant clusters identified in the main 
analysis, while also considering potential grain type-specific behavior 
that may not be fully captured by global correlation metrics.

The elastic modulus in our model was primarily governed by 
Cluster 4, which comprised anisotropies derived from the minimum 
cut density. The second most influential feature was vertical tortuosity. 
Both anisotropy and tortuosity are physically plausible predictors, as 
they are representative for the alignment and efficiency of load-bearing 
paths in the material. The significance of these parameters for elastic 
modulus is well-supported in the literature [19,102].

For compressive strength, our analysis identified Cluster 6 — 
encompassing various interfacial curvature metrics — and vertical 
tortuosity as the most critical features. Interestingly, several other clus-
ters also exhibited relatively high feature importance, indicating that 
compressive strength is influenced by a broader range of microstruc-
tural characteristics. From a geometrical standpoint, the importance of 
Cluster 6 may stem from its role as a proxy for the snow’s bonding 
network. Interfacial curvatures, which vary significantly between grain 
types, likely scale with geometric features of the grain and bond struc-
ture [103]. We suspect that while curvatures may not directly dictate 
14 
mechanical behavior, they are likely correlated with more fundamen-
tal topological and geometric aspects of the microstructure. Likewise, 
vertical tortuosity characterizes the linearity of load paths through 
the material; more tortuous paths may induce unfavorable bending 
and stress concentrations, ultimately reducing the overall strength. 
Collectively, these findings highlight the dominant role of the geometry 
of the bonding system in determining the compressive strength of weak 
snow layers.

For both stiffness and strength, it is noteworthy that classical topo-
logical metrics, such as the Euler characteristic or scaled genus den-
sity, were not among the most predictive features. This finding is 
unexpected, as such parameters are known to be highly important in 
other porous materials [41]. We propose two possible interpretations 
for why geometric features related to the bonding system proved more 
predictive than topological ones in this analysis. First, our topology 
metrics may not adequately capture the relevant aspects of structural 
connectivity. This may be due to an unrepresentative choice of length 
scale in the scaled genus density, limitations in the size of the con-
sidered microstructure volume to be representative for topology [40], 
or the presence of artifacts that distort topological measurements. For 
instance, in SH samples, we often observed many tiny particles between 
the large surface hoar crystals, which influenced the topological metrics 
strongly but are likely irrelevant to mechanical performance. Second, 
the results may highlight that the specific geometric configuration of 
the bonding network — such as bond length, cross-sectional thickness, 
and spatial orientation — provides critical information beyond a purely 
topological perspective. The challenge for deeper analysis lies in iden-
tifying and quantifying these precise local features, especially given the 
tension between viewing snow as a granular structure held together by 
bonds versus a more realistic bicontinuous material.

Some literature suggests that pore characteristics play a key role 
in explaining mechanical behavior. For instance, Roberts and Garboczi 
[104] concluded that at high volume fractions, the shape of pores 
influences the elastic modulus of the material. Initially, our analysis did 
not seem to support this, as general pore-specific descriptors (such as 
SSApore, 𝑡pore, and 𝑙c,pore) failed to rank among our top predictors. We 
reconcile this apparent discrepancy by proposing that the controlling 
factor is not pore shape per se, but rather the specific structural features 
that control load distribution and stress concentration. Indeed, the 
top predictors identified by our analysis were representations of these 
mechanically important aspects of the microstructure.

To further explore the grain type-dependent relationship between 
mechanics and microstructure, we repeated our analysis for each cat-
egory individually (Fig.  A.11). A particularly interesting insight from 
this is the variation in the number of correlated feature clusters, which 
we interpret as an indicator of structural similarity across different vol-
ume fractions; a low number of clusters suggests a common ‘‘building 
principle’’ for a given grain type. This is best illustrated by comparing 
two examples. For FC&DH samples, many microstructural parameters 
were highly correlated and formed one large cluster. This indicates 
that temperature-gradient-driven metamorphism causes structural sim-
ilarity over a wide range of densities. In contrast, the correlations for 
SH were relatively weak, resulting in many loosely connected clusters. 
This could imply that SH crystals lack a consistent building principle, 
or that this result is an artifact of the measurement scale, with weak 
correlations caused by either data noise (e.g., from fine particles) or 
an unrepresentative sample volume. While a detailed discussion of all 
per-type findings of this additional analysis is beyond the scope of this 
paper, these results reveal a fundamental link between the genesis of a 
snow type and its final microstructural characteristics.

In summary, our findings show that stiffness is critically controlled 
by the shape of the load-bearing paths, while compressive strength 
is additionally influenced by the local geometry and topology of the 
bonding system. To better understand the role of the bonding system, 
future work should move beyond indirect bulk parameters and focus 
on a detailed analysis of deformation mechanisms and mechanically 
relevant length scales at the microstructural level.
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4.3. Implications for analytical and numerical models

The high power law exponents found in our data (up to 5.7) for 
volume fraction scaling make it clear that simple analytical models
based on bulk volume fraction are insufficient. This suggests that 
mechanical behavior is governed by a suite of complex factors — such 
as microstructural complexity, the effective load-bearing structure, and 
small-scale deformation modes. This view is supported by recent find-
ings showing that scaling exponents are directly influenced by factors 
like internal friction and local geometric effects, which may alter load 
paths and deformation mechanisms [e.g., 39,58].

We argue that bulk volume fraction is merely a proxy for a cascade 
of changes in more fundamental properties like topology, local geome-
try, and stress concentrations, which are the true drivers of mechanical 
response. This issue is exacerbated in snow science by the practical 
difficulty of sampling thin, heterogeneous weak layers, making bulk 
volume fraction a particularly problematic parameter. To better isolate 
the true drivers, we turn to a volume fraction-independent analysis, 
focusing on the mechanical parameters as proposed by Köchle and 
Schneebeli [17].

Directly analyzing the stiffness-strength relationship (Fig.  8) al-
lowed us to identify the dominant deformation mechanisms, which 
were found to govern the slopes found in the plot, thereby bypassing 
the need to consider volume fraction. A slope of 0.5 suggests failure 
driven by crack propagation [105], whereas in porous materials and 
cellular solids, values distinguish between bending-dominated (0.75) 
and stretching-dominated (1.0) structures [34,35]. Exponents greater 
than 1.0 are attributed to stability-driven failure, such as the elastic 
buckling of slender elements [106,107]. In this framework, the scaling 
exponent is also directly linked to the topology of the material. Specifi-
cally, a higher degree of connectivity in the microstructure promotes a 
shift from bending-dominated to stretching-dominated behavior [35].

Based on this theoretical framework, our results indicate two dis-
tinct mechanical regimes: DF&RG are bending-dominated (slope ≈ 0.6), 
while persistent grain types (FC&DH and SH) are stretching-dominated 
(slope ≈ 1.1–1.2). While it is currently unclear if this distinction re-
flects a true microstructural property or a macroscopic proxy, a Finite 
Element analysis would be the necessary next step to validate this 
framework at the microscopic level. This finding is practically signif-
icant. The distinct, grain-type-dependent power laws shown in Fig.  8 
suggest that the underlying microstructural features per grain type co-
evolve in a predictable way. This may allow us to bypass the use of 
volume fraction as a proxy for mechanical properties altogether. If one 
property — such as strength, which is often easier to measure in the 
field [108] — is known, the other could be inferred, provided the grain 
type is also identified.

From a microstructural standpoint, the stretching-dominated be-
havior of persistent grain types implies they possess a higher degree 
of connectivity [35] (i.e., a higher average coordination number), a 
conclusion our topological data supports (Fig.  10). This finding is 
counter-intuitive, as these weak layers are conventionally described 
as ‘‘poorly bonded’’. This apparent paradox can be resolved by the 
frame of reference: while persistent grains may have fewer connections 
per unit volume, their larger structural length scale means each grain 
still has a higher average number of connections than the smaller 
particles in DF&RG. Should this prove to be true, the fragile nature of 
persistent weak layers does not stem from their topology. Instead, their 
role in slab avalanche release would then likely originate from other 
factors, such as a higher susceptibility to shear loading, a lower fracture 
toughness, or their characteristic slow rate of densification within the 
snowpack.

Comparing these findings to recent numerical studies on snow 
shows a coherent picture. While the relation between stiffness and 
strength has not been a focus, we found that the volume fraction power 
laws for stiffness and strength of [56,58] result in similar scalings in the 
stiffness-strength plot (Fig.  8).
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Gaume et al. [56] used DEM simulations based on sticky hard-
sphere packings and showed that stiffness and strength scale with 
cohesive contact density, a product of coordination number and vol-
ume fraction. Their exponent ratio for stiffness and strength (∼0.6) 
closely matches our findings for DF&RG. Interestingly, results based 
on different coordination numbers still show the same exponent ratio, 
thus effectively canceling out the effect of topology in the theoretical 
framework of [35].

Blatny et al. [58] employed Gaussian random fields (GRF) combined 
with the Material Point Method (MPM) to simulate porous materials 
and observed high scaling exponents for both strength and stiffness. 
Notably, the exponent ratio between stiffness and strength was around 
1.2, closely matching the ratio we found for persistent grain types 
in our samples. Here, identifying the role of topology is not trivial, 
because GRF models vary volume fraction and topology together. How-
ever, [109] showed that GRF morphologies exhibit a nearly linear 
increase in scaled genus density with volume fraction. Therefore topol-
ogy should play a role in the resulting higher exponents compared 
to Gaume et al. [56].

4.4. Limitations of this work

Our study has several limitations that should be considered when 
interpreting the results. First, part of our dataset is based on artificially 
grown weak layers. Although previous work has shown that some of 
the microstructural parameters are similar to the parameters of natural 
samples [44], it remains uncertain whether the volume fraction depen-
dence we observed fully captures the behavior of weak layers formed 
under different natural conditions. Especially, the high temperature 
gradients used to produce a sufficient amount of samples in a given 
time might hinder a direct applicability to natural snow.

Second, our experimental results are subject to typical uncertain-
ties inherent in snow science, including sensitivity to experimental 
conditions such as temperature, loading rate, sample preparation, and 
handling.

A third limitation lies in our methodical approach. It presumes 
that the analyzed μCT scans represent the sample’s bulk mechanical 
properties, despite some expected spatial variability. By focusing on 
bulk parameters, our method assumes a homogenized microstructure is 
sufficient for predicting mechanical behavior, potentially masking the 
effects of local features such as internal layering. At the same time, the 
homogenized properties may not be predictive of mechanical behavior. 
A notable example is the occurrence of small rounded grains embed-
ded within large surface hoar crystals, which can distort μCT-based 
measurements and reduce their interpretability.

Fourth, the concept of a Representative Volume Element (RVE) is 
difficult to apply to thin weak layers. For layers composed of large 
crystals such as surface hoar, which can span the entire sample height, 
it is questionable whether the selected volume for our analysis can 
be truly representative. This conceptual challenge was compounded by 
practical limitations, as we had to balance the competing demands of 
sample holder diameter, image resolution, and a sufficiently large REV.

Finally, the data-driven analysis has several limitations. Our dataset 
is relatively small by machine learning standards and contains consider-
able scatter. These factors, combined with the high correlation between 
input features, make the analysis challenging. Although our results 
appear robust, the identified correlations between microstructure and 
mechanics should be viewed with caution, as they do not necessarily 
imply causation or reflect the actual underlying mechanisms.

5. Conclusions and outlook

This study presents a comprehensive dataset linking the mechanical 
behavior of weak snow layers with detailed microstructural descriptors 
derived from μCT imaging. By combining experimental uniaxial com-
pression tests, digital image correlation, and extensive morphological 
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analysis, we explored the microstructure and mechanisms that govern 
the compressive strength and stiffness of snow weak layers. Our main 
findings are:

• Distinct volume fraction scaling per grain type: Different grain 
types exhibited unique power law relationships between volume 
fraction and mechanical properties. Faceted crystals and depth 
hoar showed the largest power law exponents (5.1 for the elastic 
modulus and 5.7 for compressive strength), followed by decom-
posing particles and rounded grains (4.6 and 2.8, respectively), 
while buried surface hoar exhibited a distinctly weaker volume 
fraction dependence (1.7 and 2.1, respectively).

• Different microstructural drivers for stiffness and strength:
Our neural network identified distinct sets of microstructural 
parameters governing the mechanical response. Stiffness was pri-
marily influenced by features describing the alignment and effi-
ciency of load-bearing paths, such as anisotropy and tortuosity. 
In contrast, compressive strength was more sensitive to the local 
geometry of the ice-air interface, though it also depended on the 
load path characteristics.

• Limited predictive power of topology metrics: Classical topo-
logical metrics, such as the Euler characteristic and scaled genus 
density, did not rank among the most important features in 
our analysis. This suggests that for snow, either these specific 
descriptors are inadequate or that other factors — such as the 
geometry of the bonding network — play a more dominant role.

• Volume fraction-independent scaling regimes: By plotting 
strength versus stiffness, we identified a volume fraction-
independent relationship that reveals two distinct mechanical 
regimes. Persistent grain types (FC&DH and SH) exhibited a 
steep scaling slope (∼1.1), characteristic of stretching-dominated 
structures. In contrast, decomposing particles and rounded grains 
(DF&RG) showed a shallower slope (∼0.65), characteristic of 
bending-dominated structures. In the context of analytical models 
such as [34,35] this implies that persistent grains have a higher 
average coordination number — a counter-intuitive implication 
for persistent weak layers.

While our study provides valuable insights, several open challenges 
remain in linking snow microstructure to its mechanical properties. The 
primary blind spot remains the influence of combined compressive and 
shear loading, as weak layer failure attributed to slab avalanche release 
happens under multiaxial loading conditions. Future experiments are 
needed to complement the picture.

Clarifying the precise role of topology in snow mechanics remains 
a key challenge. Future work should explore other topological de-
scriptors and their appropriate length scales. Investigating whether 
certain snow types exhibit structural similarity, for instance, could 
simplify structure-function relationships and guide the development 
of synthetic microstructure models. Advanced imaging and machine 
learning methods offer a path forward, not only to better quantify 
grain-based metrics such as coordination number, but also to test the 
validity of the grain-centric model itself. This is crucial, as viewing 
snow as a bicontinuous medium would render such discrete descriptors 
physically questionable.

One key question yet to be answered is the exact origin of the high 
volume fraction scaling exponents. Numerical simulations and Finite 
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Element studies could help to explore the mechanisms at work at the 
microstructure level.

A complete mechanical framework for snow must also address its 
behavior at the volume fraction extremes. While we have investigated 
a broad range of densities, it remains uncertain over which volume frac-
tion ranges the existing formulations are valid, as they fail to converge 
to the known mechanical properties of polycrystalline ice as volume 
fraction approaches unity. A general formulation must also account 
for the material’s percolation limit, which likely differs between grain 
types. Certain weak layer types, such as buried surface hoar, can persist 
at very low densities, suggesting a lower percolation threshold that 
must be considered to develop a universally valid model.

Finally, to facilitate cross-study comparisons and model validation 
in snow science, we advocate for the standardization of morpholog-
ical descriptors, using a consistent set of physically meaningful and 
computable parameters such as a selected set of those listed in Table  1.
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Fig. A.1. Evaluation of the elastic modulus based solely on the slope of the stress–strain curve leading up to the ultimate strength. The vertical error bars 
represent the standard deviation of the experimental results, the horizontal error bars are an estimate for the spatial variability of volume fraction within a parent 
sample [44].

Fig. A.2. Specific surface area (SSA) vs. volume fraction 𝜙 for our weak layer samples. (a) shows the normalization by ice volume SSAice, (b) the normalization 
by pore volume SSApore. The different colors correspond to the different weak layer types. The horizontal error bars are an estimate for the spatial variability of 
volume fraction within a parent sample [44]. We observed a decreasing trend of SSAice with increasing volume fraction for all types of weak layers, except for 
the two high-density FC&DH samples, where SSAice increased again. In contrast, SSApore shows an increasing trend with volume fraction for all weak layer types. 
Notably, DF&RG exhibited higher values and greater scatter than the other types.
17 
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Fig. A.3. Correlation lengths in different directions and the resulting anisotropy. The correlation lengths in the horizontal (x and y) directions are nearly identical, 
so we show their average (𝜉𝑥𝑦), whereas those in the vertical (𝜉𝑧) direction show different values but follow similar trends. The horizontal error bars are an 
estimate for the spatial variability of volume fraction within a parent sample [44]. Overall, DF&RG exhibited the lowest correlation lengths, with a slight increase 
as volume fraction rises, while FC&DH displays the opposite trend. For SH, the horizontal correlation lengths increased with volume fraction, but the vertical 
lengths remained relatively constant. Anisotropy was quantified by the ratio of the 𝑧-direction correlation length to the average horizontal correlation length, 
as defined in Eq. (6). The plot shows clear differences in anisotropy among the weak layer types. DF&RG typically had values near or below 1, indicating a 
predominance of horizontal structures, with a slight increase as volume fraction increases. In contrast, FC&DH shows strong vertical anisotropy, with most values 
exceeding 1.2 and increasing with volume fraction. SH, on the other hand, exhibited values both above and below 1 and showed a clear decrease with increasing 
volume fraction.

Fig. A.4. Example comparison of the principal curvatures of the three different weak layer types: (a) faceted crystals and depth hoar, (b) decomposing particles 
and rounded grains, (c) buried surface hoar. We normalized the curvatures with the inverse SSAice to allow comparison with other cellular materials. Both 
FC&DH and SH exhibited similar distributions, with many points clustering near 𝜅1 = 𝜅2 = 0, indicating planes and areas with small curvatures. In contrast, 
FC&RG displayed a more uniform distribution—especially in the region 𝜅1 > 0, 𝜅2 < 0, which corresponds to saddle shaped structures. In all three samples, 
distinct lines appear in the plots, representing points where the relationship between the principal curvatures remains constant. This indicates the presence of 
size-invariant microstructural features.
18 



J. Schöttner et al. Acta Materialia 302 (2026) 121657 
Fig. A.5. Classification of the snow-air interface into (a) concave, (b) convex and (c) saddle shaped regions based on the principal curvatures. The horizontal 
error bars are an estimate for the spatial variability of volume fraction within a parent sample [44]. Both FC&DH and SH exhibited similar distributions across 
all three plots. The concave and saddle fractions increased linearly with volume fraction, while the convex fraction decreased. DF&RG showed similar trends, 
yet displayed a clear offset relative to the other types of weak layers for the concave and convex fractions. In contrast, the saddle fraction for DF&RG exhibited 
considerably more scatter than observed in the other two types.

Fig. A.6. Local thickness defined as the maximum-sized sphere that can be inscribed within a structure (ice or pore) analysis for weak layer structures (the error 
bars represent the standard deviation). (a) shows the mean ice thickness versus volume fraction, (b) shows the mean pore thickness versus volume fraction, and 
(c) shows the mean ice thickness plotted against mean pore thickness. Although the mean ice thickness (Panel a) for all structures lies between 0.1 and 0.4 mm, 
an increasing trend with volume fraction is observed for DF&RG. For DF&RG, the mean pore thickness (Panel b) remained constant, whereas a decreasing trend 
was apparent for FC&DH and SH. Plotting the mean ice thickness against the mean pore thickness (Panel c) revealed clear separations among the different weak 
layer types.
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Fig. A.7. Tortuosity obtained via geodesic reconstruction considering 6 neighboring voxels, averaged for the two horizontal directions (x and 𝑦 - Panel a) and 
the vertical direction (z - Panel b). The colors correspond to the different weak layers. The horizontal error bars are an estimate for the spatial variability of 
volume fraction within a parent sample [44]. Tortuosity decreased with increasing volume fraction in all three directions. Notably, DF&RG remained nearly 
constant in the horizontal directions, while it showed a distinct decrease in the vertical direction, similar to FC&DH. Moreover, the absolute values for DF&RG 
were approximately 1.1 times larger than those for FC&DH. SH exhibited more scatter, likely because only a few grains determine the outcome of the algorithm.

Fig. A.8. Minimum cut density for different types of weak layers, represented by various colors, with volume fraction. The horizontal error bars are an estimate 
for the spatial variability of volume fraction within a parent sample [44]. Panel (a) shows the percentage of the minimum cut area in the vertical direction whose 
removal separates the sample into two parts. The scaling of this parameter with volume fraction was best described by power laws for all three types of weak 
layers. Specifically, FC&DH exhibited the strongest scaling with an exponent of 3.4, DF&RG follows with an exponent of 3.0, and SH showed an exponent of 1.6. 
Panel (b) displays the corresponding bond density (number of bonds per mm2). For FC&DH and SH, the bond density followed a behavior similar to that of the 
minimum cut area, whereas for DF&RG no clear trend was observed; instead, the bond density remained relatively constant with increasing volume fraction and 
exhibited strong scatter. Panel (c) presents the anisotropy, calculated from the minimum cut areas in different directions according to Eq. (6). It followed similar 
trends to those based on correlation lengths (Fig.  A.3), albeit with generally higher overall values.
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Fig. A.9. Mean elastic modulus vs. mean strain rate for the last four pop-ins and the final slope leading to failure for all tested samples. To enable comparison 
between samples, values were normalized by each sample’s average elastic modulus and strain rate. The error bars represent the standard deviations. The plot 
shows that, on average, the Young’s modulus remained constant across pop-ins, while the strain rate increased with each successive pop-in.

Fig. A.10. Strain at failure for all our samples. The mean value is 0.21%, the error bars show the experimental standard deviation.
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Fig. A.11. Feature clustering and feature importance analyzed for each grain type category individually (FC&DH - Panel (a), DF&RG - Panel (b), and SH - Panel 
(c)).
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Fig. A.12. Principal component analysis (PCA) of our microstructural dataset. Panel (a) shows that only six principal components are needed to explain 95% 
of the variance. The loading matrix (Panel b) revealed that no single parameter dominates; instead, most parameters contributed similarly. To quantify feature 
importance, we calculated a score defined as the sum of loadings normalized by the proportion of variance explained by each principal component (Panel c). 
Here we see that most parameters have a relatively high feature importance score, with SSA leading the top of the list.
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Data availability

The dataset is available on EnviDat: https://www.doi.org/10.1690
4/envidat.648.
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