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ABSTRACT

Harvesting real-world tracking data of natural snowfall requires performing large-scale field experiments beyond
the reach of the laboratory and in the presence of challenging outdoor conditions at the limited capacity of available
illumination. Utilizing a novel super-resolution field imaging system that combines 16 high-resolution cameras, we
perform large-scale tracking of snowflakes falling through the atmospheric surface layer in two- and three-dimensions.
Imaging snowfall over extreme spatial extents reveals snow images with diminishing contrast of only a few intensity
counts, facing significant sources of nonuniform illumination. Moreover, imaging a large volumetric domain over a
large depth of field presents significant magnification of snowflakes whose populations are inherently polydisperse in
size and shape. To disentangle these combined effects of size, shape, and magnification in the presence of significant
noise, we apply a multi-resolution image regression. Essentially, our methodology integrates a Savitzky-Golay inter-
polation kernel into a multi-resolution image wavelet basis that sequentially decomposes the image in layers, fitting
Gaussians of unknown size and shape for particle identification. Assigning a color space to the image decomposi-
tion layers, we show how our methodology reveals the spectral content of the image, helps discern small and large
snow particles, and provides control over out-of-focus images in the foreground and noise rejection. Integrating a
Delaunay triangulation, we devise a multidimensional tracking assignment among different scale layers and obtain
tracking vectors through a topological image correlation. We showcase the application of our methodology to snow
particle tracking obtained from two field experiments. First, we reveal large-scale snowfall structures with a wavy
streamwise flow in a planar snow tracking experiment, for which we recover the logarithmic law of the wall, and
whose wavenumber spectrum reveals signatures of rapid distortion. Secondly, performing volumetric tracking, we
match snow particles over a large depth of field and scale up Voronoi analysis over previous advances, revealing a
predominance of snow clustering and voids over a random Poisson process, as well as an apparent multi-modality in

the snow fall speed.
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1. Introduction

The interactions between large collections of precipitating snowflakes in the presence of various
turbulence intensity levels over the air column make snowfalls difficult to forecast. Understand-
ing their complex multi-scale inertial clustering dynamics (Brandt & Coletti, 2022) is key to under-
standing spatial modulations in the snow deposition process during precipitation (Guala & Hong,
2025), and to interpret remote sensing signals.

We utilize a novel super-resolution field experimental setup that combines 16 cameras to perform
large-scale field tracking of snowflakes falling through the atmospheric surface layer in the Swiss
Alps. Our work significantly scales up snowfall tracking over previous advances in two- (Heisel
et al., 2018; Li et al., 2021) and three-dimensional field imaging (Bristow et al., 2023; Li et al., 2024;
Lungo et al., 2024). Arranging our camera system in a linear configuration, we image up to a
60 x 15m? field of view, enabling the characterization of the space-time variability of snow in the
atmosphere. Arranging our camera system in a semi-circular arc, we overlap a 10 x 10 x 10m?
measurement volume, leveraging the tracking of millions of snowflakes in three dimensions.

Imaging snowfall over such extreme spatial extents presents significant sources of nonuniform il-
lumination, resulting in snow images with diminishing contrast of only a few intensity counts,
presenting a signal-to-noise ratio of order unity, well within the range of the image noise floor.
Moreover, imaging snow over a large depth of field using wide-angle lenses can result in signifi-
cant magnification of snowflakes whose populations are polydisperse in size and shape (Garrett &
Yuter, 2014; Rees et al., 2021), in turn affecting their fall speed and behavior.

In this work, we disentangle these combined effects of size, shape, and magnification in the pres-
ence of significant noise by a multi-resolution image regression to devise a multi-dimensional
tracking assignment. Essentially, our methodology integrates a Savitzky-Golay-based particle in-
terpolation kernel (Meer & Weiss, 1992; Nobach & Honkanen, 2005) into a multi-resolution image
wavelet basis (Daubechies, 1992; Mallat, 2009) to sequentially decompose the image into layers,
titting Gaussians of unknown size and shape at increasing scale. Assigning a color space to the
image decomposition layers, we show how our methodology reveals the spectral content of the
image, helps discern small and large snowflakes, and provides control over out-of-focus particles
in the foreground and noise rejection. Integrating a Delaunay triangulation among different scale
layers, we explain how we obtain tracking vectors through a topological image correlation.

We showcase the application of our methodology to particle tracking data from two field exper-
imental deployments. In a first deployment, we perform planar imaging to track snowfall over
a long streamwise extent. We recover the logarithmic law of the wall (Heisel et al., 2018) and re-
veal large-scale snowfall structures with a wavy flow whose spectrum shows signatures of rapid
distortion (Hunt & Carlotti, 2001). In a second deployment, we perform volumetric imaging. We
integrate extracted geometric information in matching snowflakes over large distances and scale
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up Voronoi analysis from previous advances (Bristow et al., 2023). Our results show a predomi-
nance of snow clustering and an apparent multi-modality in the snow fall speed, whose origins can

be influenced by several factors, including interactions with vortical structures in the atmosphere.

Figure 1. Large-scale field experimental setup. a) Field deployment imaging snow from ice-fishing tents that
surround a powerful stadium illumination deployed for volumetric imaging. b) Single camera array, hosting 4
high-resolution cameras in a shift-lens configuration to construct a large field of view.

2. Field Experimental Setup

Our field experimental setup combines 16 high-resolution 25 MP area scan machine vision cam-
eras (IRONO0505, KAYA INSTRUMENTS) mounted on 2-by-2 arrays, see Figure 1. Each camera
array is fitted with shifted wide-angle lenses (22 mm f/1.4, SAMYANG) to stitch an equivalent
100 MP imaging over a 20 x 20 m? field of view, with a depth of field of 26 m at a 2 mm diffraction-
limited tracking resolution (Adrian, 1991). Snowflakes are illuminated using white light of 5500 K
at 250’000 Im from multiple powerful 1575 W stadium floodlight panels (BIG287000, PLAYLED)
mounted on snowboards and retrofitted with lenticular lenses and blinders. Shooting data at
150 Hz, the system is capable of imaging snowfall at 1 terabit-per-second and tracking millions
of snowflakes simultaneously.

The imaging system is flexibly deployed in ice-fishing tents at an instrumented field site that col-
locates a meteorological tower. Our field imaging system can be arranged in two configurations.
When configured in a line, the cameras stitch a 400 MP image over a maximum 60 x 15m? field
of view, illuminating snowfall over a 1-meter thick slab, for which the cameras are calibrated by
the GPS path of a DJI MAVIC 3E drone with a spotlight (GL10, CZZI). When configured in a
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semi-arc, the cameras overlap a 10 x 10 x 10 m® measurement volume surrounding a cubic illu-
mination, and the cameras are calibrated using a larger DJI MATRICE 300 drone that carries four
bright calibration markers arranged in a known geometry.

3. Multi-resolution Image Regression

Figure 2a shows a typical field experimental image obtained for a large-scale snow tracking exper-
iment. Spreading the illumination over a vast volumetric range reveals snowfall within a severely
nonuniform illumination, showing a diminishing image contrast that attenuates into the range of
the image noise floor. In addition, it can be observed that snowflakes significantly magnify over
the depth of field, including out-of-focus particles outside the measurement volume and close to
the camera.

To identify various snow particles in the presence of these artifacts, we consider their projections
as simple projections of Gaussian intensity with unknown size and shape. To find their unknown
parametrizations in the image I;; with coordinates x = [z y]* and pixel indices ij, we integrate
a second-order particle interpolation kernel (Nobach & Honkanen, 2005) into a multi-resolution
image regression by fitting polynomial basis-function expansion to a prescribed local pixel neigh-
borhood ij* with Gaussian weighting function w;;:

S S K 2 o 1 (1|l 2
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Here ¢y (x) = z'y" ¥V Ih < 2 describe a contour function f(x) = YK, ¢,éx(x) = 0 with unknown
coefficients c;, that vary over increasing scales s with growth factor o. This image filter design
is used to sequentially decompose the image I;; in layers s by subtracting extracted coefficient

information cj|;; from the preceding layers up to s — 1 to correct I; = I;; — STk

ij

Essentially Equation 1 presents multi-resolution image wavelet decomposition (Daubechies, 1992;
Mallat, 2009), which is projected onto a set of polynomial coefficients that optimally fit to the
image (Meer & Weiss, 1992), locally weighted on its Gauss-stencil. Where multi-resolution wavelet
filters are known to be robust against noise, their sparse representations can be used for image
segmentation and particle identification in the current application. Vectorizing Equation 1 allows
deriving a set of linear convolution filters that are separable, and can be efficiently implemented
in the frequency domain and/or using pyramids.

To apply the image regression to raw image data, we first subtract an image background that is
patched from the minimum pixelwise intensity over time, and corrected for instantaneous row-
column sensor noise. In Figure 2b, we apply the image decomposition for a total of eight consec-
utive layers for four cameras on a single array. Projecting the decomposition on an RGB color-
space, we reveal the spectral image content, which can be used to discern small snowflakes in
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the background (blue) from larger ones in the foreground (yellow), see inset. In addition, we
further remove blurred snow particles close to the camera by omitting the last layer. Finally, in
Figure 2b, we show the image residual that can be used for noise rejection in split view with the

input background-subtracted image.

Figure 2. Multi-resolution image regression. a) Raw camera image, revealing nonuniform illumination and significant
sources of noise. b) Scale decomposed image for the 2-by-2 camera array, showing the spectral image content. Insert a
zoomed-in image showing small snowflakes in blue and larger ones in yellow. c¢) Split view of the
background-subtracted image and its image residual from fitting the multi-resolution image filter design.

4. Delaunay-based Image Correlation

From image decomposition, we identify snow particles p by segmenting those pixelwise coefficient
data cj,|;; whose contour functions satisfy local peak images, and label their centroid locations that
cluster near the same pixels. From the labeled coefficient data ¢}, |§’j we subsequently compute the
average contour function of the snow particle as the coefficient vector c, in the image coordinates
x. The labeled coefficient data g}, presents a sparse representation of pixel intensity that con-
tains snow particles in the scale-decomposed image, providing a unique finderprint to each snow
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particle identification. We now use this representation to define a multidimensional tracking as-
signment over the different layers s between consecutive image frames through image correlation.

First, we construct a three-dimensional Delaunay triangulation between snow particles p in frame
n and snow particles ¢ in frame n + 1 given a layer s. This defines an undirected graph G(V, E)
with the vertices V' at the p, ¢ particle positions and edges E between them. Within the separate
image frames, the edges I/ interconnect nearest neighbors for p and ¢, which we denote as the sets
pp and ¢qq. Between the separate image frames, the edges E provide candidate tracking matches
between p and ¢, which we denote as the set pg. Looping the different scales layers s and branching
prescribed generations over the edges E, we accumulate pp, gq nearest neighbors and pq tracking
candidates, which are stored as indexed lists.
To find the best tracking vectors u = [u v]T among the candidate tracking matches pg between
frames n and n + 1, we write down a weighted image correlation for the scale decomposed inten-
sity cglf; and cj|; for the particle images p and g:

max Z Z wp€8|]z?—u7j—v Z wqcé’gj (2)

UVEPG &=
P45 pepp q€qq

Here 3= ,,c,,, wpchli; and 3 eqq wycjl?; construct local image neighborhoods for the particle pairs pg
from branching their nearest neighbors pp and gg whose relative importance are weighted by their

Pearson similarity w,, (or ¢)-

The image correlation statement rewards spatially correlated tracking vectors that optimally fit
snowflakes of different sizes and shapes from one image to the next. At first hand, this statement
may appear intractable to solve for the unknown tracking vector u, requiring constructing custom
interrogation around each snow particle p and ¢ and summing over all scale layers s. However,
recognizing that pp, gq, and pg are known over the scale layers s, we implement Equation 2 as a
topological particle tracking that branches locally over the Delaunay-graph by writing the image
correlation as a sparse banded matrix operator.

In Figure 3a, we showcase eight times zoomed-in snow identification images with their Delaunay
triangulation among three consecutive scale layers s. In Figure 3b, ¢, and d, we show the resulting
image identification, the extracted Delaunay graph for tracking, and the resulting tracking vectors
for a single frame pair, respectively. Through this procedure, we obtain a large number of image
identifications and tracking vectors that can be used for correspondence matching between views
and tracking over image frames.
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Figure 3. Topological tracking on the Delaunay-graph. a) Extracted Delaunay triangulation (red) over several
consecutive scale layers for a single frame with complementary Voronoi tesselation in blue. b) Snow particle
identification, rendering the extracted contour function as 5-point polygons. ¢) Delaunay graph used to construct the
tracking neighborhood around each snow particle. d) Tracking vectors obtained through optimizing the image
correlation. Inset at bottom left, zoomed sample on the background-subtracted image.

5. Application to Field Experiments of Natural Snowfall

Having explained our image processing and multi-dimensional tracking assignment, we now pro-
ceed to apply the methodology to field experimental snow tracking data. We first apply our
methodology to a planar imaging of snowfall over a large streamwise extent to resolve the spatial-
temporal transport of snow in the atmosphere. Secondly, we apply our image processing to vol-
umetric tracking of snowfall, where we use the extracted contour function to match and track
particles among different views.
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5.1. Planar Boundary Layer Evolution

In Figure 4, we show planar snowfall tracking results for a 1/2-second time window realizing a
50 x 15m? field of view by overlapping 16 cameras in a linear configuration®. Applying our multi-
resolution image processing and correlation methodology, we obtain snow trajectories over the full
extent of three stadium illumination panels positioned beneath the snowfall and between the cam-
era arrays. The results reveal a surprisingly wavy snowfall pattern, which is further exaggerated
when integrating streamlines over the extracted flowfield that is obtained by spatially binning the
snowfall trajectory data.

Spatio-temporally averaging the flow along the streamwise direction reveals results consistent
with the logarithmic law of the wall profile for an atmospheric boundary layer:

_ Uy 2

a(z) = — In <2’0>7 (3)
with von Kdrman-constant x = 0.4, and where we obtain u, = 0.2362m/s and a roughness param-
eter of zg = 0.0044 mf (Heisel et al., 2018). Furthermore, for the observed wavy flow structure, we
find inversely proportional power-law scalings k.~ for streamwise wavenumber spectrum with
v = 1 up to wavelengths of A\ ~ 4.2 and 8.4 m which reveal signatures of rapid distortion theory
(Hunt & Carlotti, 2001), preceeding higher wavenumbers with scaling exponent v = 5/3 into the

inertial subrange.

5.2. Volumetric Snow Clustering Dynamics

In Figure 5, we show results for three-dimensional snowfall imaging, realizing tracking over 700"000
snowflakes over a 10 x 10 x 10m® cubic measurement volume. To match snow particles over a
large depth of field, we encode the optical transfer (Schanz et al., 2013) between the image and ob-
ject through the contour function whose geometry is naturally embedded in projective geometry
(Hartley & Zisserman, 2003). Furthermore, using the extracted tracking vector, we only track those
matches that remain in consistent correspondence between frames, as is conventional in state-of-
the-art tracking methodologies such as the ‘Shake-the-Box’-algorithm (Schanz et al., 2016).

Finally, we scale up snow clustering analysis over a thousand cubic meters. Following Bristow et
al. (2023), we sample Vonoroi-cells of volume V to analyse the degree of snow clustering compared
to a random point Poisson process:

F V") = vVv*texp (—5V%), (4)

with reduced V* = V/(V), and normalization factor v = 3125/24 (Ferenc & Néda, 2007). In
Figure 5d, we find a predominance of clustering and voids sampling well above the reference

>I<Appreciauting some misalignment for the first camera array.

J[Corresponding to an actual roughness in range of ~ 20 cm.
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curve, while in Figure 5e we find an apparent multi-modality in the fall speed, with a significant
amount of slow (blue), average (cyan), and some fast (yellow/red) falling trajectories. Both of
these results are signatures of non-trivial clustering mechanisms of snowflakes in interaction with
vortical structures in the turbulent atmosphere.

6. Conclusions

We presented a multi-resolution image regression and correlation to track natural snowfall over an
extreme spatial extent. Essentially, our methodology integrates a Savitzky-Golay image interpola-
tion kernel into a multi-resolution image wavelet basis, projecting it onto an image decomposition
that fits optimally to the image and reveals its spectral content. From this decomposition, we de-
vised a multi-dimensional tracking assignment by writing down the image correlation between
consecutive frames that branches locally over the topology of the Delaunay triangulation graph.

We demonstrated the application of our methodology to large-scale field experiments of natural
snowfall, performing imaging in the presence of nonuniform illumination and significant noise.
Applying our methodology to planar tracking, we revealed wavy snowfall trajectories in planar
imaging over a long streamwise extent, recovered the logarithmic law of the wall, and found sig-
natures of rapid distortion theory. Applying our methodology to volumetric tracking, we used the
image decomposition to discern small and large snowflakes over a large depth of field. scaling
up imaging over previous advances, we revealed a predominance of clustering and voids tracking
over 700’000 snowflakes simultaneously over a thousand cubic meters.

In future work, we aim to further apply well-established and state-of-the-art tracking methodolo-
gies such as the Shake-the-Box algorithm. At the conference, we will further assess the robustness
of the approach by sampling synthetic data.
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Figure 5. Volumetric snowfall tracking. a) Calibrated camera setup tracking over 700’000 snowflakes from 16
cameras on arrays intersecting a large volumetric domain of 10 x 10 x 10 m?. b) Zoomed volume of 5 x 5 x 5 m>
color-coding a Delaunay triangulation for the interparticle distance D. ¢) Sparse sampling of Voronoi-cells showing
small (red) and large volumes (blue). d) Clustering diagram, revealing predominance of clusters and voids in red. e)
Snowflake tracking over a 2 x 2 x 2m® subvolume, showing various color-codes for the linear velocity.
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