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Abstract

Modeling snow’s mechanical behavior is important for many cold regions
engineering problems. Because snow’s microstructure plays a significant
role in its mechanical response, it is imperative to initialize models with
accurate bond characteristics and realistic snow-grain geometries to pre-
cisely capture the microstructure interactions.

Previous studies have processed microcomputed tomography scans of
snow samples with a watershed method to extract grain geometries. This
approach relies on identification of seed points to segment each grain. Our
new methodology, called the “moving window method,” does not require
prior knowledge of the snow-grain-size distribution to identify seed points.
We use the interconnectivity of the segmented grains to identify bond
characteristics. We compare the resultant grain-size and bond-size distri-
butions to the known grain sizes of the laboratory-made snow samples.
The grain-size distributions from the moving window method closely
match the known grain sizes, while both results from the traditional
method produce grains that are too large. We propose that the bond net-
work identified using the traditional method underestimates the number
of bonds and overestimates bond radii. Our method allows us to segment
realistic snow grains and their associated bonds, without prior knowledge
of the samples, from which we can initialize numerical models of the snow.

DISCLAIMER: The contents of this report are not to be used for advertising, publication, or promotional purposes.
Citation of trade names does not constitute an official endorsement or approval of the use of such commercial products.
All product names and trademarks cited are the property of their respective owners. The findings of this report are not to
be construed as an official Department of the Army position unless so designated by other authorized documents.

DESTROY THIS REPORT WHEN NO LONGER NEEDED. DO NOT RETURN IT TO THE ORIGINATOR.
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Introduction

Background

Characterization of snow microstructure is important for our understand-
ing of the snow’s mechanical strength, optical properties, and thermal con-
ductivity. However, accurate characterization is challenging due to the
temporal evolution of the physical properties of snow, such as grain size
and shape, porosity, and bond size. A snowpack undergoes metamorphism
due to temperature and vapor gradients, which are driven by environmen-
tal conditions and are therefore highly variable. The most common ap-
proach for characterizing the microstructure is to take a sample of the
snow, image it with microcomputed tomography (microCT), and then pro-
cess the resultant images. The accuracy of the processed result depends on
the image analysis techniques used and can vary widely depending on
user-defined parameters. In this paper, we compare a common approach
for processing microCT images of snow against a novel approach.

Our motivation for capturing accurate details of snow grains and sintered
bonds is to initialize numerical snow strength models with highly accurate
one-to-one geometric representations of real snow microstructures. Stud-
ies have shown that the mechanical response of snow depends on the
properties of its microstructure (Hagenmuller et al. 2014, 2015; Willibald
et al. 2019; Willibald 2021). Therefore, the ability to replicate precise
shapes, sizes, and orientations of the snow microstructure is imperative to
model fidelity. However, previous snow-modeling approaches often sim-
plify the microstructure, thereby missing important aspects of the me-
chanical response. For example, a popular modeling approach is the
discrete element method (DEM), which is particularly useful for simulat-
ing granular materials where the interactions between individual pieces of
the material, or particles, affect the material’s macroscopic response. How-
ever, previous snow studies using the DEM have primarily used sphere-
shaped particles for the grains and particle centroid-to-centroid cohesive
bonds for the sintered bonds (Gaume et al. 2015; Mulak and Gaume 2019;
Kabore and Peters 2020a, 2020b; Bobillier et al. 2020; Kabore et al. 2021;
Peters et al. 2021). Although these assumptions simplify the modeling
computations, they miss important aspects of the snow microstructure,
such as complex and irregular grain shapes and variable sintered bonds
between neighboring grains. We aim to implement a new methodology
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that allows us to extract realistic snow grain and bond microstructures
from images of real snow samples, from which we can initialize more accu-
rate numerical models.

A significant advancement in characterizing the microstructure of snow
came with the introduction of microCT, which allows 3D reconstruction of
a snow sample (Lundy and Adams 1998). As opposed to serial sectioning,
microCT is a nondestructive and relatively efficient technique and there-
fore has been utilized by many studies to investigate metamorphism and
mechanical deformation of snow over time (Chen and Baker 2010; Coleou
et al. 2001; Flin and Brzoska 2008; Hagenmuller et al. 2016; Kaempfer et
al. 2005; Kaempfer and Schneebeli 2007; Krol and Lowe 2016; Schleef et
al. 2014). However, the reconstruction does not differentiate individual
snow grains, which is important for initializing numerical models
(Hagenmuller et al. 2015; Johnson and Hopkins 2005; Kabore et al. 2021).
This has led to the development of several methods for decomposing the
complex ice-air images into separate grains. Documented segmentation
techniques generally fall into three categories: watershed algorithms, skel-
etonization and morphological thinning, and curvature-driven algorithms.

The watershed segmentation method is a well-established and popular
segmentation technique that originates in image analysis (Serra 1983) and
was first applied to 3D meshes by Mangan and Whitaker (1999). In water-
shed segmentation, the approach is to treat the gray-scale values of the im-
agery as elevations in a topographic map. Watersheds are “flooded” until
the separate drainage basins meet. For microCT images of snow, this pro-
cedure begins with a stack of binarized images (of ice and air phases) rep-
resenting horizontal slices of the 3D sample. The Euclidean distance
transform is then computed for the snow pixels, which is the distance from
each snow pixel to the nearest air pixel. Relating back to the watershed
analogy, these distance values correspond to the local slope at each pixel.
Seed points are needed to determine where each basin starts flooding from
and are often located at the local maxima of the distance field. Often there
are more local maxima than actual grains, and therefore flooding from
each of these points will result in oversegmentation. To avoid this, an addi-
tional step is often taken to subset the seed points based on their proximity
to each other—if two seed points are closer than some minimum distance
value, then one is removed. This approach is often referred to as the peak
local maximum (PLM) method. After the seed points are defined, the wa-
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tershed algorithm floods the basins around each point until the basins at-
tributed to different seeds meet on watershed lines. In this snow micro-
structure application, we assume the watersheds meet at the interface
between snow grains.

While the watershed segmentation method is easy to implement and can
provide accurate results, there are several drawbacks. The first issue is the
step where seed points are subset, as it introduces significant subjectivity
to the process and depends on a user-defined threshold for the minimum
distance separating these markers. Useful distance values are often based
on the average grain size of the snow sample to estimate the usual distance
between grain centroids. However, this is not always known a priori. The
second disadvantage is that the watershed algorithm works best with
spherical particles and can struggle separating the boundaries of complex
snow-grain shapes (Theile and Schneebeli 2011).

The second type of image segmentation approach is based on the process
of skeletonization, or reducing the grain regions in the binary image to a
series of line segments that preserve the geometry and topology of the
grain structures. The skeleton of the binary image is often produced using
either a distance transform (Edens and Brown 1995) or through morpho-
logical thinning or erosion (Baldwin et al. 1996). Thinning occurs by erod-
ing away pixels from the boundary of a grain until no more thinning is
possible and what remains is the skeleton, also called the medial axis.
Liang et al. (2000) utilized this method to characterize pore space in po-
rous media. They found pore necks by searching through the pore-space
channels and identifying local minima of the hydraulic radius. As Theile
and Schneebeli (2011) point out, however, this definition of necks is not
valid for dense multiparticle structures, resulting in potential inaccuracies.

Lastly, multiple segmentation processes leverage the curvature of image
regions, often in combination with skeletonization or watershed methods
(Brzoska et al. 1999; Hagenmuller et al. 2014; Ogawa et al. 2006; Theile
and Schneebeli 2011; Wang et al. 2012; Zhang et al. 2002). Gaussian cur-
vature is the product of the principal curvatures and can be used to iden-
tify whether a surface is convex of concave in shape within a localized
region. Since sintered bonds span between two surfaces, they typically
have thin concave necks. These curvature-based methods, therefore, use
these locations as reasonable indicators of neck locations. However, not all
surface points with a Gaussian curvature are part of a neck. Theile and
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Schneebeli (2011) used a second check to determine if the cross section of
each point with negative Gaussian curvature is a local minimum area by
using dilation and intersecting plane minimization. By combining ap-
proaches, they improved upon the watershed and skeleton-based algo-
rithms. Wang et al. (2012) used the sign of the principal minimal
curvature (kmin) as a criterion, which better detects triple junctions, to sep-
arate out neck regions and granular regions that they then propagated vol-
umetrically using Voronoi labeling. Building on this concept, Wang et al.
(2014) developed a purely volumetric approach using digital flow (Dey et
al. 2003).

Most recently, Hagenmuller et al. (2014) introduced a new segmentation
approach that determined potential zones of mechanical weakness, identi-
fied as concavities with a significant curvature and constrictions. In their
approach, they combined many of the previously described techniques.
Like Wang et al. (2012), they began by distinguishing groove, neck, and
crater regions from convex regions using the principal minimal curvature
(kmin). They then applied a watershed algorithm on —kmin and set an arbi-
trary threshold to avoid artificial oversegmentation. The resulting bond
candidates were then dilated, and those bonds of minimal area within the
dilated bond candidates were computed via a graph-cut approach (Boykov
et al. 2001). The grains were simultaneously merged if they met certain
criteria based on the grain surface area and contact area between both
grains. While the results of this work appear qualitatively accurate, the re-
sults can be variable depending on the specified kmin threshold.

While advancements have been made in segmentation of 3D snow images
into their constituent parts, each proposed method has some level of sub-
jectivity and requires a balance between computational expense and accu-
racy. One of the greatest advantages of the watershed segmentation
approach is the ease of implementation and computational efficiency.
Therefore, for this work, we aim to exploit these benefits and build upon
the watershed method by improving the methodology for determining
seed points, tackling the greatest source of subjectivity and therefore bias
in the approach. We call our approach the “moving window method”
(MWM), as it passes a variable-sized “window” region throughout the im-
age to identify and limit the number of watershed seed points.
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1.2

1.3

Objectives

The primary objective of this work was to develop a methodology to ex-
tract sintered snow properties from microCT imagery to initialize a DEM
framework. The first step in this process was to develop a more robust way
to identify seed points for watershed segmentation. Next, we needed to
build a framework for identifying the sintered-bond locations and their as-
sociated characteristics. We will use these segmented grains and bond
properties to initialize the DEM framework, which will allow us to repli-
cate laboratory tests of snow strength.

Approach

In this report, we discuss a new method, the MWM, that can be used to
identify seed points for initializing a watershed segmentation. We also
demonstrate how we can identify and characterize the sintered bonds in a
snow sample after the segmentation process is completed. Here we test
this new methodology microCT images of sintered snow with varying grain
and sintered-bond-size distributions. We then compare the segmentation
results of the MWM to another traditional seed-point identification tech-
nique. We validated the segmentation results for both methods using the
known grain sizes of the laboratory-made snow samples. Finally, we dis-
cuss the benefits of using the new approach and highlight the importance
of reliable segmentations for initializing snow-mechanics models.
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2.1

Laboratory Methodology

Snow-sample preparation

Snow samples were created using freshly fallen snow that was stored in a
cold room at 15°F. A sieve stack was used to make snow samples with
three different grain sizes: small (<450 um*), medium (450—-825 um), and
mixed (50% <450 um and 50% 450—825 um). The mixed samples were
created using the sieved snow from the small and medium samples. Fol-
lowing Langlois et al. (2020), we assume that each sample is represented
by a log-normal size distribution. We set the peak of the small-grain-size
distribution to 300 um since smaller grain sizes are not as common in
snow. The peak of the medium grain size was calculated by taking the av-
erage of the two sieve sizes used to make the sample (637.5 um). Finally,
the mixed sample grain size was calculated as the average of the small and
medium distribution peak values (468.75 um). After sieving the samples,
they were packed into a 15.5 cm tall, 5 cm diameter cylinder (Figure 1) and
left to rest for three days at 15°F. The samples were then removed from the
Teflon cylinder and left in an open-air chamber to continue sintering at
15°F (Figure 2). Duplicate samples of each grain size were made and left to
sinter for 3 to 138 days. After the sample had sintered to the desired time,
the density was calculated and recorded. Table 1 shows each sample name
and characteristic information.

Figure 1. Teflon cylindrical molds used to prepare the snow samples.

* For a full list of the spelled-out forms of the units of measure used in this document, please refer
to US Government Publishing Office Style Manual, 31st ed. (Washington, DC: US Government Publishing
Office, 2016), 248-252, https://www.govinfo.gov/content/pkg/GPO-STYLEMANUAL-2016/pdf/ GPO-STYLEMAN-
UAL-2016.pdf.
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Figure 2. Snow-sample cylinder (133_mx_01) after sintering.

Table 1. Snow-sample characteristics.

Sinter Time Density
Sample ID Grain Size (days) (kg/m3)
003_sm_01 <450 um 3 459.42
003_md_01 450-825 um 3 413.8
003_mx_01 50% <450 pm and 50% 450-825 pm 3 487.49
007_sm_01 <450 um 7 469.82
007_md_01 450-825 um 7 455.73
007_mx_01 50% <450 pm and 50% 450-825 pym 7 506.75
017_sm_01 <450 uym 17 481.39
017_md_01 450-825 ym 17 450.28
017_mx_01 50% <450 pm and 50% 450-825 pm 17 502.55
133_sm_01 <450 um 133 480.01
133_md_01 450-825 um 133 418.33
133_mx_01 50% <450 pm and 50% 450-825 pm 133 423.46
138_sm_01 <450 um 138 458.38
138_md_01 450-825 um 138 351.55
138_mx_01 50% <450 pm and 50% 450-825 pym 138 389.02
2.2 MicroCT imaging

We used a Bruker SkyScan 1173 microCT scanner equipped with a Hama-
matsu 130/300 tungsten X-ray source and a camera detector with 2240 x
2240 pixel output to scan each snow sample. The SkyScan 1173 X-ray
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source produces a fixed conical, polychromatic beam with a spot size less
than 5 um. The maximum accelerating voltage of the X-ray beam was set
to approximately 40 kV with a current of about 200 pA. Samples were ro-
tated 180° in 0.3°-0.4° steps, with five-frame averaged attenuation images
captured at each step using a camera exposure of about 330 ms. A2 x 2
camera binning was used to create X-ray images of 1120 x 1120 pixels.
Each sample had roughly 1000 2D slices, which could be stacked to make
the full 3D reconstruction.

The images were reconstructed using Bruker SkyScan’s NRecon software
(version 1.7.3.1) to produce a vertical stack of gray-scale cross-section im-
ages. As part of image postprocessing, we performed ring artifact reduc-
tion, postalignment correction, beam-hardening correction, and Gaussian
smoothing to reduce noise. The resulting images had a spatial resolution
of roughly 20 pum per voxel and a 16-bit gray-scale dynamic range.
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3.1

Processing MicroCT Imagery

Moving window seed-point identification

It is crucial that the seed points in the watershed segmentation algorithm
closely match the true centers of each snow grain, else the process will pro-
duce inaccurate segmented results. Our methodology focuses on identify-
ing realistic seed points that closely correspond to the centers of grains
without needing a priori knowledge of the grain-size distribution. Figure 3
provides an overview of this methodology.

Figure 3. Overview of the moving window seed-point identification procedure.

Original Image Euclidean Distance
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- ‘
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Our methodology begins with combining the 2D microCT image slices into
a 3D array. This array is then binarized such that voxels containing snow
are labeled with “1” and those containing nonsnow are labeled with “0.”
The gray-scale images are binarized into snow and nonsnow pixels by
choosing the threshold value as the midpoint between the two maxima in
the gray-scale histogram that indicate snow and nonsnow values. A Euclid-
ean distance (d) is then calculated between each snow voxel and the clos-
est nonsnow voxel, using

d= \/(xl - xz)2 + (1 — 3’2)2 + (z1 — 22)2, (1)
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3.2

where x, y, and z are the coordinates of the two voxels (subscripts 1 and 2).
The result of this calculation is a 3D array containing the shortest distance
between each snow voxel and the nonsnow region. The magnitude of the

gradient (||VG||) is then calculated on this Euclidean distance array using

[IVGI| = \/G,f+ G,° + G, (2)

where Gx,y,z are the gradients in the x, y, and z directions, respectively.
Next, a set of initial test points are identified by selecting voxels from the
gradient magnitude array that have a value less than tg:

tg = Ug — 40y, (3)

where p, is the mean gradient magnitude and oy is the standard devia-

tion. This tg calculation was selected as it is not sample dependent, and it
limits the number of potential test points to only those with the lowest
gradient magnitudes.

Once the test points have been identified, we create a 3 x 3 x 3 voxel “win-
dow” around each test point. If there is a nonsnow voxel within that win-
dow, the process stops. Otherwise, the window continues to grow by one
voxel in each direction until the window contains at least one nonsnow
voxel. Once the final window size has been determined, we collect each test
point that falls within that window. We then iterate through these points
and identify the point that has the combination of the largest Euclidean dis-
tance value and the lowest gradient. This voxel becomes a final seed point
for the watershed segmentation, and the other test points are ignored. After
the seed point has been identified, all voxels within the window are reclassi-
fied as nonsnow. This step avoids multiple seed points identified within a
single grain, which would otherwise result in over segmentation.

After the final seed-point locations have been identified, we use the water-
shed segmentation algorithm from the Python Scikit-Image library to
flood the binarized array and create a 3D grain segmentation (van der
Walt et al. 2014).

Sintered-bond characterization

Accurately identifying and characterizing the sintered bonds between
grains is critical for numerical models of snow, as these bonds are often
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the weakest part of the snow structure and therefore play a vital role in the
snow’s mechanical response. Our method for identifying bonds is based on
the principle that sintered bonds form primarily due to surface diffusion at
the interface between touching grains. Therefore, by locating pairs of
neighboring grains, the sintered-bond locations can be identified.

A set of neighboring grains is constructed by iterating over the unique
grain IDs in the final segmented array from section 3.1 and finding if any
of that grain’s voxels are direct neighbors to voxels in another grain. In
this context, we refer to the “home” grain as the grain of the current itera-
tion and the “neighbor” grain is the grain in direct contact with the home
grain. For each home and neighbor pairing, a new temporary 3D array
with the same dimensions as the full image stack is created where the
voxels within the home grain have a value of 1, the voxels in the neighbor
grain have a value of 2, and all the other voxels in the array have a value of
1.5 (the mean value of the home and neighbor grains). The gradient mag-
nitude is then calculated within this temporary array. The voxels with the
largest gradient magnitude will be those directly on the boundary between
the home and neighbor grains. Therefore, we assume that the sintered-
bond region includes all voxels in the region where the gradient is largest.
This process repeats for each unique pairing of a home and neighbor grain
until all sintered bonds have been located (Figure 4).

Once the sintered bonds have been identified, the radii of those bonds can
be calculated. We assume that the bond between two grains is approxi-
mately cylinder shaped. With this assumption, the centroid of the sintered
bond is identified, then an idealized disk is created with the same volume
of the bond voxel region. The radius of the idealized cylinder is used to
represent the size of the sintered bond. Thus, each home and neighbor
pairing has a sintered bond with an associated radius, which can be used
to instantiate the bond parameters in the DEM framework.
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Figure 4. Overview of the bond identification procedure.
Original MicroCT Image Segmented Image
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3.3 Meshing process

The next step in the modeling framework is to convert the segmented
grain geometries into 3D numerical objects that can be imported into the
DEM code. This process requires a couple of steps, the first of which takes
the segmented images (3D arrays) and uses a Python library called PyVista
(Sullivan and Kaszynski 2019) to convert the pixels of each individual
grain into a disconnected point cloud. We then use PyVista functionality to
create a Delaunay triangulation from the point cloud and extract the sur-
face shell of the triangulation. This gives an approximate mesh of the
grain’s surface, which can be quite bumpy or contain holes due to the tri-
angulation process and the pixel resolution. Therefore, we use another Py-
thon library called PyMeshFix (Attene 2010) to fill any holes, smooth, and
fix any problems in the surface mesh. The result is a closed surface mesh
approximating the surface of a specific ice grain (Figure 5).
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Figure 5. Overview of the total meshing process. Image A4 shows the
segmented image pixels in 3D; Bshows the smoothed surface mesh
generated with PyVista and PyMeshFix.
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4 Results

The segmentation and bond identification methodology outlined in Sec-
tion 3 produces a collection of individual snow grains and their associated
sintered bonds. Figure 6 compares the 3D grain and sintered-bond results
from the MWM with the results from the PLM. The sample used for this
comparison was 007_sm_ 01, which was produced with a sieve size of
0.45 mm. In theory, this a priori knowledge of the sample informs us that
the snow grains should be smaller than 0.45 mm, so we produced PLM
segmentations with minimum distances that are smaller than this. The
middle and right columns of Figure 6 use minimum distances of 0.2 mm
and 0.4 mm, respectively.

It is clear from the comparison in Figure 6 that using different minimum
distance values can produce vastly different segmentations and bond net-
works, thus highlighting the aforementioned issues with the PLM ap-
proach. The 0.4 mm result contains many large grains that combine
several clearly discrete snow grains. In addition, the 0.2 mm result still has
a number of large grains that appear to combine multiple individual snow
grains. This suggests that even with a priori knowledge of the snow-sample
construction, additional tuning of the minimum distance parameter is still
needed to produce realistic results with PLM. In addition, the results of
the PLM method will be more prone to incorrect segmentations if there is
a wide range in grain sizes. Since the minimum distance specifies how far
apart seed points (i.e., grain centers) must be from one another, it inher-
ently assumes that all the grains are roughly equal size and uniform shape.

The MWM results contain significantly more grains and bonds than the
PLM results; however, the results appear to qualitatively separate the
grains between the concave regions where we would expect bonds to be.
The higher number of bonds makes sense, as the bond identification
method described above identifies one bond per pair of adjacent grains. In
addition, the size distributions of the MWM grains better match the sieve
sizes used to make the snow samples. Figure 7 shows the grain-size distri-
butions produced by each segmentation approach, where the grain size is
defined as the diameter of an idealized sphere of equivalent volume for
each grain. As evidenced in Figure 7, the 0.4 mm PLM results have grains
that are significantly larger than the 0.45 mm sieve that was used to make
the sample. This could be explained by the idealized sphere assumption we
chose to calculate the grain sizes. For example, if a snow grain is oblong, it
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could fit through the sieve if oriented correctly. However, if we take that
grain volume and instead assume it is a sphere, the diameter may be larger
than the sieve size. The results of the PLM segmentation with a minimum
distance of 0.2 mm had a mean grain size of 0.35 mm, with less than 30%
of the grains larger than the sieve size. The MWM results, however, had a
mean grain size of 0.3 mm and almost no grains identified larger than the
sieve size. Thus, the grain-size distributions indicate that the MWM pro-
duced grains that closer match how the sample was prepared, with the
benefit of not needing a priori knowledge of the sample.

Figure 6. Comparison of segmented and meshed results from the MWM and
the PLM method using two different minimum distances. The bottom row
shows the identified sintered bonds, as visualized with cylinders where the
radius and lengths are calculated as described in Section 3.2. The numbers in
parentheses indicate the number of segmented grains, or bonds, in the
corresponding image. Note how the MWM identified a larger number of grains
and corresponding bonds in the snow microstructure.

) ) Peak Local Max Method (363) Peak Local Max Method (53)
Moving Window Method (752)  Min Distance = 0.2 mm Min Distance = 0.4 mm
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Figure 7. Grain-size distributions produced by the three different segmentation methods.
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In addition to the comparison between the MWM and the PLM method,
we compared laboratory-made snow samples with different grain sizes and
sintering times. The MWM was applied to samples 003_sm and 003_md
to see how the grain-size distributions changed (Figure 8). The mean seg-
mented grain size for sample 003_md is roughly 0.40 mm larger than
sample 003_sm, which shows the MWM can segment variable grain sizes.

Figure 8. Grain-size distributions produced by the MWM for two different-
sized snow samples.
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Figure 9 shows the distribution of bond radii derived from the segmented
grains in Figure 7. These results also support the finding that the user-de-
fined PLM approach can result in much different bond networks. Not only
are there notably fewer bonds identified using the PLM function, but also
the bonds are significantly larger because of the artificially large contact
areas between the neighboring grains. Figure 10 shows the distribution of
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bond radii between samples 003_sm and 133_sm. Sample 133_sm, which
sintered for 130 days longer than 003_sm, had a mean bond radius that
was roughly 0.20 mm larger than that of 003_sm. This demonstrates that
with samples of similar grain size, the variable bond size can still be cap-
tured using the results of the MWM segmentation.

Figure 9. Distribution of bond radii identified within the segmented results using different
segmentation methods. The MWM and the PLM (min distance 0.2 mm) produce similar
distributions. However, the PLM (min distance 0.4 mm) produced many thick bonds.
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Figure 10. Distribution of bond radii for samples 003_sm and 133_sm identified
using the MWM.
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The final segmentation will also dictate how the sintered bonds are ori-
ented. Bond orientation likely plays a role in the overall mechanical
strength of snow; thus, it is important to see how the orientations vary
based on the different segmentation results. Figure 11 shows the distribu-
tion of bond orientations produced with each segmentation method. The
orientation is measured as the angle between the bond and the axis of
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compression (z-direction). In this example, it is clear that the bond orien-
tations generally do not change for each segmentation method, with most
of the bonds oriented close to perpendicular to the axis of compression.

Figure 11. Distribution of bond orientations within the segmented results using different
segmentation methods. The orientation is measured as the angle between the bond vector
and a vector pointing in the zdirection (axis of compression). All three segmentation
approaches produce very similar bond orientations.
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5 Conclusions

The goal of this study was to develop and test a methodology to extract sin-
tered snow properties from microCT imagery, which can be used to initial-
ize numerical models. More specifically, we developed the MWM to
identify seed points for watershed segmentation. We then used the result-
ant watershed segmentation to identify and characterize individual snow
grains and the sintered bonds between them. The MWM was tested
against a common seed-point PLM to see which method produced more-
realistic grain shapes and bond sizes. Qualitatively, the MWM produced
segmented grains that aligned with visually distinguishable snow grains,
whereas the PLM method produced primarily large-grain clusters that ap-
peared to combine multiple individual snow grains. The grain-size distri-
bution of the different methodologies shows this quantitatively—95% of
the MWM grains were smaller than the sieve size used to make the sample,
whereas both PLM grain sets had large numbers of grains that were larger
than the sieve size. This result, as well as the comparison in Figure 6, illus-
trates how the PLM approach requires parameter tuning to generate real-
istic results, which can be time intensive and subjective.

We also tested the MWM and its ability to distinguish between samples
made with different grain sizes. The grain-size distributions in Figure 8
show that the laboratory-made medium-grain-size sample (450—800 pum)
had a segmented average grain size that was larger than the laboratory-
made sample with the small grain size (<450 um). The segmented grain-
size distribution of the medium-sized sample did not fit the expected range
as closely as the small sample. This will likely require some additional fine-
tuning to produce results that more closely match the real sample. We also
compared the bond-size distribution for each segmentation method. Be-
cause the bond sizes are directly correlated to the grain-size distributions
and number of grains, the MWM produced bonds that were notably
smaller and more abundant than either result derived from the PLM
method. Regardless of the segmentation method, the bond orientation dis-
tributions all were fairly similar, with a large amount of the bonds oriented
horizontally. In future work, we will test the sensitivity of the segmented
results to the defined gradient threshold. The results of this analysis indi-
cate that the MWM produces more-accurate grain sizes than the PLM
method, and it is far less subjective as there is no a priori knowledge or as-
sumptions required.
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