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Abstract: We explored imaging methods to perform in situ field measurements of physical correlates
of the visual appearance of snow. Measurements were performed at three locations in Norway
between February and March 2023. We used a method to estimate the absorption and scattering
coefficients of snow using only one measurement of reflectance captured by the Dia-Stron© TLS850
translucency meter. We also measured the sparkle indicators (contrast and density of sparkle spots)
from digital images of snow. The contrast of sparkle spots can be defined as the median value of all
the pixels identified as sparkle spots by an algorithm, and the density of sparkle spots is the number
of sparkle spots in a selected area of the image. In the case of the sparkle of the snow surface, we
found that there is a potential to use the sparkle indicators for classifying the grain types, but it
requires a larger data set coupled with expert labelling to define the type of snow. For the absorption
and scattering properties, the measurements confirm the fact that snow is a weakly absorptive and
highly scattering material when modelling light interactions in the snow. No correlation between the
optical properties and sparkle could be found in our data.

Keywords: visual appearance; snow; outdoor in situ measurements; sparkle; absorption; scattering;
imaging methods

1. Introduction

Snow is usually known as a uniform white and cold surface observable during winter
or in specific environments, but its surface can present a bluish colour aspect due to internal
scattering [1,2]. It is also known as a material with high albedo [3,4]. Four aspects are used
to describe the visual appearance of a material: colour, gloss, texture, and translucency [5].
However, the visual appearance of snow is not limited to these four aspects but can be
linked to other parameters of snow itself [6]. Snow layers are composed of snow grains,
usually characterised by their size and shape [7,8]. Classifications have been carried out to
collect various sizes and shapes of snow depending on weather conditions, which can help
identify their properties [6]. There have also been several studies examining the albedo of
snow in relation to its metamorphism [9] or using remote sensing satellite technologies to
perform measurements [10,11] instead of in situ measurements [12].

Translucency models and methods used to capture the properties of snow were dis-
cussed by Frisvad et al. [13]. These can be linked to two optical properties of the material:
the absorption and the scattering coefficients. These coefficients can naturally be connected
with models aimed at solving the Radiative Transfer Equation (RTE) [14], which describes
how light propagates inside a material. Such models are called Bidirectional Reflectance
Distribution Function (BRDF) [15] models, and several methods exist to capture these
functions for various applications [16]. In the case of snow, radiative transfer models repre-
senting the BRDF of snow have recently been developed [7,17]. The model introduced by
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Kokhanovsky and Zege provides a correlation between the reflectance function and param-
eters related to snow layers, specifically snow grain size and snow grain shape. This model
has been used in the literature to estimate these parameters [18,19]. Extensions of the BRDF
can also be found, such as the Bidirectional Subsurface Scattering Reflectance Distribution
Function (BSSRDF), which contains information about the surface reflectance of a material
and adds the contribution of light scattering occurring under the subsurface [20]. This
BSSRDF is impractical to measure, as it requires estimates of the absorption and scattering
coefficients of the material, but it is mainly used for computer graphics rendering [13,21].
Studies on the absorption properties of snow have also been conducted [22]. Warren et al.
presented a database of imaginary values for the complex refractive index of snow and ice
that goes from the ultraviolet (100–400 nm) to the microwave. Later on, this database was
refined to obtain accurate values [23,24].

There is already knowledge of the absorption coefficient [22], but very few studies exist
on the scattering values for snow. A method was developed to estimate these coefficients in
the case of highly diffuse materials [25], and the advantage of this study is that it only needs
one measurement of the reflectance profile at the contact of the material. Another feature of
the visual appearance of snow can be linked to a texture effect, such as sparkle. Once formed,
snow grains act similarly to microflakes and can produce sparkle by reflecting incoming
directional light, similar to tiny mirrors [26]. A statistical study of the sparkle of snow was
conducted on digital images [27] by adapting the measurement method of sparkle designed
by Ferrero et al. [28]. Ultimately, absorption, scattering, and sparkle can all be connected to
snow grains. The aforementioned imaging methods are all compatible with outdoor in situ
measurements. Acquiring data on snow inside a laboratory is possible [29,30], but in situ
measurements allow the snow to remain close to its natural state without disrupting its
evolution and are thus preferred [12,31].

Within the study detailed in this paper, we explore the methods we have previously
designed and validated to connect with sparkle and the optical properties of snow. In the
case of the sparkle of snow, our goal is to verify the previous results we obtained and
check whether we can reproduce these results with a new set of snow images with visible
sparkle. For the optical properties, that is, the absorption and scattering coefficients, we
utilise the developed inversion method to obtain estimates and validate them with values
from the literature. Furthermore, we investigate whether these physical correlates of visual
appearance present a time variation with evolving snow due to changes in temperature
or new fallen snow. In the case of both parameters, we focus on the visible range (400 to
800 nm); however, this could be extended to other parts of the spectrum with adequate
materials and methods.

2. Methods

The following sections present the imaging methods used for each studied parameter.
The processing pipelines of these methods are illustrated in Figure 1.

Figure 1. Acquisition and processing pipelines used in this study. The top path corresponds to the
method for studying the sparkle of snow, whereas the bottom path is followed to obtain estimates of
the absorption and scattering properties of snow.
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2.1. Sparkle of Snow

The algorithm to detect sparkle from digital images was adapted from the general
work by Ferrero et al. [28], and the special case of the sparkle of snow was introduced in
one of our previous works [27]. We used the same algorithm from this previous work to
measure the sparkle of the snow surface from digital images. The images we used for this
study were new, and we performed small changes to the capture process, which we explain
later. We performed our in situ data collection in Norway at three snow sites between
February and March 2023. The three sites selected were the same across all measurements
to ensure consistency and a point of comparison. We monitored changes in the measured
parameters due to changes in temperature and new fallen snow.

Running the sparkle detection algorithm requires snow images with visible sparkle.
The images were captured using a DSLR Nikon D610 camera with an adjustable lens.
The camera has a CMOS sensor with a size of 35.9 × 24 mm, providing images with a
resolution of 6048 × 4016 pixels. The camera was held by a user at their height and was
not fixed on a tripod. All sparkle images were taken under directional sunlight with a
cloudless sky to optimise the visibility of sparkle and reduce the possibility of observing
graininess that would occur under diffuse illumination [26]. Graininess is the aspect of
observing granular particles. Examples of such images are shown in Figure 2, and it is
possible to observe some graininess in some of them. Due to the time zone and time of
year, the images were acquired between 10 a.m. and 12 p.m. CET (Central European Time).
For each snow scene, images were taken by focusing on an area of interest in the frame,
and then rotating around that zone. With this method, we aimed to obtain images of the
same area but with varying views and illumination angles, and thus investigate whether
the indicators of sparkle would be affected by these rotations. Several focal lengths were
utilised to capture the images, ranging from 50 mm to 300 mm (see Figure 3).

Figure 2. Snow images taken during our field campaign. (left) Snow image with visible sparkle.
(right) Snow image with visible sparkle and a bit of graininess.

Figure 3. Examples of snow images with sparkle taken with different focal lengths. (left) Picture
taken with 60 mm focal length. (right) Picture taken with 300 mm focal length.

In total, we acquired 1033 images. In addition, we captured images with the camera at
grazing angles (elevation angle close to 90◦, close to the surface) to accentuate the sparkle
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phenomenon produced by natural light. For each set, we focused on one area, and then
the camera was slightly moved with small horizontal or vertical translations. We consider
these images as a different set, and with them, we aim to establish an uncertainty scale
of the sparkle indicators, the contrast, and the density of sparkle spots. The contrast of
sparkle spots can be defined as the median value of all the pixels identified as sparkle spots
by the algorithm. The density of sparkle spots would thus be the number of sparkle spots
in a given area in the image. More details on their definitions can be found in our previous
study [27].

2.2. Absorption and Scattering of Snow

To obtain estimates of the absorption and scattering coefficients of snow, we utilised
a translucency meter device called the © Dia-Stron TLS850. We had previous knowledge
of this particular device from our work on estimations of the optical properties of highly
diffuse materials. This device comprises three RGB LEDs coupled with an NMOS sensor
and allows for the measurement of the reflectance profiles of a material. The wavelengths
available with the LEDs are 630, 525, and 472 nm. Specifically, as the device needs to be in
contact with the surface of the material, it is possible to emit and capture the light scattered
under the surface. A description of the device can be found in our previous paper [25].

Following a similar pattern to the method used for sparkle images, we acquired our
data using the TLS device in situ for the same three snow scenes. The setup consisted of
the translucency meter device, an external battery, and a laptop (see Figure 4). The TLS is
practical, as its ergonomic design allows us to perform acquisitions outside, as long as one
owns a battery to plug the device into. During our preliminary tests and field measurements,
the device did not emit warmth from its use that could damage the structure of the snow.
As mentioned, the device is handheld and needs to be put in contact with the material
surface. In the case of snow, it is important to maintain contact but not let the natural
weight of the sensor exert excessive force; otherwise, it could compress the snow and affect
its structure. We noticed this effect during our preliminary test, and we managed to avoid it
during the field measurements so as not to change the grain structure. Moreover, the device
is plugged into a laptop via a USB cable and acquisitions are piloted using the device
software. As shown in Figure 4, the protocol used is impractical for one person to perform.

Figure 4. In situ setup to acquire reflectance profiles using the TLS850 for one of the three snow scenes.

An additional component that should be mentioned in the acquisition protocol for
the optical properties of snow is illumination. The TLS device generates illumination for
reflectance, as it uses LEDs to illuminate the sample with three wavelengths: 630, 525, and
472 nm. However, due to the sensitivity of its sensor and the high diffusion of the snow
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material, conducting these measurements under sunlight could create noise and saturation
in the reflectance profiles. Noise can be smoothed, but the light diffused from the snow
material around the area of acquisition can introduce bias to the signal. Without having
precise knowledge of this bias, correcting the offset would be difficult. Thus, even though
the image shown in Figure 4 was shot in daylight for illustrative purposes, all acquisitions
were realised at night to reduce the effects of added bias and ambient light around the area
of acquisition.

Finally, to estimate the absorption and scattering coefficients, we used the inversion
method introduced in [25], for which certain constraints need to be satisfied. These con-
straints are that the material should be highly diffuse with low absorption, and it should
satisfy the semi-infinite assumption. Let us verify whether snow meets these constraints.
First, snow is characterised as a material with low absorption properties and a dominance
of scattering, as shown by the values of the imaginary part of the complex refractive in-
dex [23,24]. So, snow is a highly diffuse material. Furthermore, to use the inversion method
to fit the reflectance profiles to the diffusion theory model [20,32], providing an asymptotic
solution to the RTE, the material considered has to satisfy the semi-infinite assumption.
In the case of snow, this assumption states that the snow thickness must be large enough
compared to the wavelength considered, and its vertical dimensions must be large enough
compared to the sensor size. Previous studies have used this assumption to simplify the
equations of their models and solve the RTE [7,18,31]. Therefore, snow is a low-absorptive
and highly scattering material, which satisfies the semi-infinite assumption. The constraints
for using the inversion method have been verified.

2.3. Field Acquisition Campaign

Studies on snow are seasonal and dependent on the amount of snow one has access
to, as in situ studies can be sparse and rare and are often replaced with satellite observa-
tions [11,12]. For this work, all field measurements related to the sparkle of snow and the
optical properties of snow were obtained between 9 February (labelled as day 1) and 23 March
(day 43). In total, we collected sparkle data on 14 days and optical properties data on 14 days
as well. Although these days were not the same, there were overlapping days. Specific
weather conditions were required for data collection. In the case of sparkle, a sky without
clouds and directional sunlight is needed. Clouds could be a source of diffuse light, which is
not recommended for observing sparkle [26]. For the absorption and scattering properties,
we collected the data at night, and we tried as much as possible to collect data on the same
days we collected sparkle, even though several structural changes can occur in one day.
Furthermore, reflectance profiles cannot be acquired under snowfall, as it could damage the
setup, which is shown in Figure 4. Eventually, for these 42 measurement days, we were able
to observe different types of snow, as there were changes in the temperature and snowfalls,
which added new layers of fresher snow. We compiled three categories for the types of snow
based only on our observations, as shown in Table 1: fresh snow (F) for when there had been
snowfall, dense snow (D) for when the snow had accumulated for some time without new
snow and temperatures were cold enough, and old snow (O) for snow whose melting process
had started. In this article, we use customised snow labels, as we did not precisely measure the
parameters of snow that would allow us to have a precise classification of snow. An example
of this can be found in the report by Fierz et al. [6], as they classified snow based on metrics
such as snow grain sizes or grain shapes.



Geosciences 2024, 14, 35 6 of 15

Table 1. Snow labels for each acquisition. (F) Fresh snow, (D) dense snow, and (O) old snow. We also
report the focal lengths f ′ we used to capture snow images with sparkle. Days marked with an “-”
for focal lengths correspond to days without sparkle measurements.

Day 1 5 6 12
Label D D D F
f ′ (mm) 50/65/300 50/60/300 55/70/300 50/300

Day 13 15 17 19
Label F F D D
f ′ (mm) 50/65/300 - - 55/300

Day 20 21 22 23
Label D D D D
f ′ (mm) 60/70/85/300 60/70/300 - -

Day 26 27 29 30
Label D D O O
f ′ (mm) 60/70/92/300 55/60/65/300 50/70/300 55/60/300

Day 34 35 43
Label F F O
f ′ (mm) - 50/65/30 65/70/300

Furthermore, Figure 5 shows the temperature data for each day of field measurements.
This allows for monitoring the average temperature of each day and the minimum and
maximum values achieved. One could potentially estimate the gradient of temperature
that the snow experienced at various resolutions (daily or hourly), although we do not
compute it in this study.

Figure 5. Tracking of temperatures on the measurement days. Data recorded include the average
temperature for each day, as well as the minimum and maximum values, to provide an idea of the
amplitude. Temperature data were collected from the website yr.no [33], which uses local sensors
from measuring stations near the field site locations (within a range of less than 10 km).

The data generated in this study include the contrast and density values of sparkle
spots, the values of the absorption and reduced scattering coefficients, and the temperatures
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recorded with daily and hourly resolution for each day of the field measurements. All of
these data have been made publicly available.

3. Analysis and Discussion
3.1. Study of Sparkle

Two indicators are mainly used to characterise the sparkle of snow estimated from the
digital images [27]. The contrast of the sparkle spots describes the maximum value of the
luminance factor between the sparkle pixels and the background pixels. It characterises the
intensity of the sparkle spots on the images. The density of the sparkle spots is related to
the number of sparkle spots counted by the algorithm in the region of interest delimited in
the image. Only sparkle spots above a certain threshold are considered for this quantity.
Thus, a good way to characterise the images we collected with visible sparkle is to compute
these indicators for all images acquired during the 14 days for the three snow scenes.

Figure 6 shows the results of the contrast values for our dataset. One can see that
there are cases where the boxes are minuscule because the contrast values are almost
similar. One point of note is that there is a decreasing trend in the median contrast values
for days 1 to 13. These values increase on day 19 and then decrease again until the end
of our field measurements. This could be correlated with a change in the type of snow
(as shown in Table 1), but could also be related to a change in temperature, as shown in
Figure 5. When focusing on the density indicators in Figure 7, although we can observe
high variability among the data with a large spread for the average values, there is no
variation observed, as is the case for the contrast values. The temperature has an effect on
the snow’s metamorphism and, therefore, the grain type [6]. Due to positive temperatures,
snow grains grow larger in melt metamorphism. Due to the ensuing cold temperatures,
the melted water refreezes, and the newly formed snow surface may reflect light with
a higher intensity. As a consequence, the detected sparkle would be more intense, thus
explaining the increase in the contrast values.

Figure 6. Box plots illustrating the computed contrast values of the sparkle indicator for the three
snow sites. The top and bottom edges of the boxes represent the lower and upper quartiles of the
data, respectively, whereas the lines within the boxes indicate the median values. The endpoints
of the lines outside the boxes indicate the maximum and minimum values of the data for the day.
Circles on some days are values outside of the range of boxes.
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Figure 7. Box plots illustrating the computed density of the sparkle indicator for the three snow
sites. The top and bottom edges of the boxes represent the lower and upper quartiles of the data,
respectively, whereas the lines within the boxes indicate the median values. The endpoints of the
lines outside the boxes indicate the maximum and minimum values of the data for the day.

Similar to our previous study [27], we utilised a plot to illustrate the relationship
between the contrast and density indicators, as shown in Figure 8. We can clearly observe
two distinct clusters in the values, with some density values being very low and others
slightly higher. We used a k-means clustering algorithm with k = 2 to show the two
clusters. When looking at the data of the images, we found one varying parameter that
could explain the clustering of values: the change in the focal length during image capture.
In Figure 8, the red region corresponds to values obtained from images taken with focal
lengths in the range of 50 to 85 mm, whereas the blue region represents values from images
taken with a focal length of 300 mm. During the campaign, images were acquired with
different focal lengths because we wanted to experiment with various setups, with some
being more close-up than others. So, we obtained images for which the zoom was more
important than others, resulting in larger snow grains and making sparkle detection easier
for the algorithm to detect. Thus, the covered area differs for some images, but we ensured
an overlapping area in all images from the same site. The focal length of each image
can be found in the metadata of the RAW image. As can be seen in Figure 3, there is a
significant difference in the potential area that can be covered for detecting sparkle. This
raises questions about the ground resolution and depth of field that need to be chosen
for the algorithm to effectively detect sparkle spots. Although it is possible for a human
observer to see sparkle on images with focal lengths less than 100 mm, the algorithm may
behave differently. The resolution to achieve from an imaging point of view needs to be
further refined and may need to be adapted to each case studied. Images in this dataset
were acquired by an observer from their height, and thus the distance between the camera
and the snow material varies between 1.8 and 2 m. At these distances, a higher focal length
seems to be required in order to observe sparkle in images. For future investigations, one
should consider having a fixed distance for capturing images with sparkle, in accordance
with the desired ground resolution.

We also recorded several image sets for which images were taken by focusing on one
area of interest with visible sparkle, and then small vertical or horizontal movements were
made around this region. The aim was to slightly change the viewing angle of the scene
to potentially observe different sparkle events in the same neighbourhood. Unlike the
previous images, these images were captured in a close-up setting by an observer trying to
get close to the material. The distance between the camera and the area of snow was less
than one meter. So, the focal lengths were adapted to observe imaging sparkle. Table 2
presents the results of the sparkle indicators computed for these images, with their mean
values and standard deviations. For sets 2, 6, and 7, the contrast values are low and close
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to 1, indicating that the intensity of sparkle was almost uniform, and there were no shiny
spots in the snow, whereas the density values for sets 2 and 7 are high with significant
variability. Set 4 exhibits contrast values with a high standard deviation. When focusing
on the images in this set, several sparkle spots and even some visible snow crystals can
be seen. This may have led to the detection of higher contrast values by the algorithm.
Moreover, set 4 was acquired with a focal length of 170 mm, which is higher than the other
image sets, as they were captured with focal lengths less than 100 mm. This explains why
snow crystals were visible and why the sparkle spots were more intense, resulting in the
high variability of the contrast values. This again highlights the fact that the settings of
the camera and the chosen resolution have a major influence on the results of the study
of sparkle.

Figure 8. Plotting contrast values (black dots) versus density values for the entire dataset consisting
of 1033 images. We used a k-means clustering method with k = 2 to categorise our results. The red
region corresponds to images captured with a focal length between 50 and 92 mm, whereas the blue
region corresponds to images captured with a focal length of 300 mm.

Table 2. Contrast and density results, including their means and standard deviations, for image sets
captured by focusing on one area with small horizontal or vertical movements around this position.

Set
Contrast Density (mm−2)

Mean Std Mean Std

1 1.3368 0.0687 0.0619 0.0022
2 1.0300 0.0425 0.5436 0.2365
3 1.2082 0.0337 0.0803 0.0028
4 1.4551 1.1278 0.1914 0.0905
5 1.2735 0.0472 0.1229 0.0021
6 1.0043 0.0068 0.0211 0.0108
7 1.0021 0.0051 0.3169 0.1376

One of the conclusions from our previous study [27] was that sparkle could potentially
be used as an indicator to classify snow, as we observed specific variations in the contrast
and density values for the three types of snow introduced (fresh, dense, and old snow).
Using the nomenclature of Table 1 and a classification algorithm, it may be possible to check
the validity of this conclusion. We utilised the multiclass learning ECOC classifier provided
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by ©Matlab (Error-Correcting Output Codes) to perform the classification using the three
labels we assigned to each day of acquisition. Then, we computed the resubstitution
classification error to determine how well the classifier has learned based on the data
provided, obtaining a classification error of 38.4%. Although this error value does not allow
for a conclusive classification of snow with sparkle, as shown in [27], there is potential.
Some reasons we were unable to reproduce the results with this current dataset could be
linked to the acquisition protocol. Although we used the same DSLR camera, we did not
use a tripod this time, and we chose to turn around one point in the scenes to obtain more
pictures. Furthermore, the labels assigned to the snow types are not the most accurate
possible and they were chosen solely through empirical observation (without the use of
any metrics). This classification could be improved by obtaining values of snow grain sizes
through digital measurements [10,34]. Although the sparkle indicators computed for this
current dataset do not allow for a conclusive classification, this can be attributed to this
specific set of images for this type of snow. Repeating this procedure across several datasets
and on different types of snow in various locations would be ideal in order to confirm
this theory.

3.2. Study of Absorption and Scattering Coefficients

The second part of this study focuses on the absorption and scattering coefficients
of snow, which can be estimated using the method developed in [25]. Regarding the
absorption coefficient of snow, several studies have been conducted in recent years [22–24].
From the electromagnetic theory, it is possible to link the absorption coefficient of a medium
µa to the imaginary part mI of its complex refractive index and the wavelength λ of the
electromagnetic wave considered in Equation (1).

µa =
4πmI

λ
(1)

The estimation method we designed is based on a nonlinear least-squares inversion
method and currently includes two unknown parameters: the absorption, µa, and reduced
scattering, µ′

s, coefficients. First, we compared the µa estimated using our method with the
theoretical values calculated using Equation (1), and the database of Picard et al. [23] for
the mI values. These estimated values are presented in Table 3.

Table 3. Estimated values of absorption coefficients from in situ measurements of snow. The theoreti-
cal values of µa for RGB are (2.07 ×10−4, 5.74 ×10−5, 4.17 ×10−5) mm−1.

Day
µa (mm−1)

R G B

12 1.74 × 10−4 2.07 × 10−4 1.50 × 10−4

13 3.06 × 10−4 2.95 × 10−4 4.30 × 10−4

15 1.10 × 10−4 2.06 × 10−4 2.52 × 10−4

17 5.99 × 10−5 7.94 × 10−5 2.26 × 10−4

19 6.81 × 10−4 4.30 × 10−4 4.50 × 10−4

20 6.54 × 10−4 7.20 × 10−4 6.57 × 10−4

21 2.69 × 10−4 3.35 × 10−4 3.88 × 10−4

22 8.90 × 10−4 9.88 × 10−4 2.90 × 10−3

23 1.30 × 10−4 2.36 × 10−4 2.20 × 10−4

26 2.66 × 10−5 3.00 × 10−5 4.56 × 10−5

27 1.72 × 10−4 1.20 × 10−4 5.50 × 10−5

29 1.72 × 10−4 1.91 × 10−4 2.22 × 10−4

30 9.20 × 10−5 1.40 × 10−4 9.09 × 10−5

34 1.30 × 10−2 5.10 × 10−3 1.30 × 10−3

As seen in Table 3, the data estimated on day 34 seem to be overestimated. But even
when not considering this day, all the other values are higher than the theoretical values,
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with very few of them falling within a confidence interval of 10%. This was expected, as
one of the limitations of the method discussed in [25] is that, due to materials with low
absorption properties, the accurate estimation of the absorption coefficients becomes more
difficult. The method was validated on other highly diffuse materials, such as milk, in our
previous study [25]. Even with these previous results, obtaining correct results for the snow
in that area was not guaranteed. However, this does not mean that these results should not
be trusted to a certain degree. The database of complex refractive indices for ice, which was
then extended to snow by Warren et al. [22,24] and Picard et al. [23], was established with
one specific type of pure snow. Our results were obtained from evolving snow, so there
could be differences in the way the snow material absorbs light.

Snow remains a weakly absorptive material [7]. Although there are differences be-
tween our estimates of the absorption coefficient and the theoretical values, this could be
neglected, as scattering is the dominant phenomenon in snow. As mentioned, our original
inversion method gives estimates of µa and µ′

s from the reflectance profiles acquired with
the TLS device, labelled as Method 1. However, in the case of snow, since the theoretical
values of µa can be computed individually for each wavelength, the number of unknowns
in the inversion problem can be reduced from 2 to 1, thus simplifying the solution. We
implemented this version, for which we only estimated µ′

s from the TLS data, with µa as
prior values, labelled as Method 2. The results from these two methods are displayed in
Table 4. Except for day 23, one trend that can be observed is that the scattering coefficients
for the green channel are larger than those for blue and red channels, which means that
snow scatters more green wavelengths. This was unexpected, as usually, snow has a
tendency to exhibit colour towards the blue region [1] and stronger values of scattering
would be expected in that region. However, the differences between the estimated val-
ues of the green and blue channels are not large. When comparing the results of both
methods, the relative differences between Method 1 and Method 2 are 4.32% for the red
channel, 4.71% for the green channel, and 4.10% for the blue channel. These differences are
acceptable, and the choice is left regarding which method to choose when estimating these
scattering properties. Finally, another aspect we can look into with the reduced scattering
coefficients is the potential classification of snow. As we can observe from the results in
Tables 3 and 4, there are variations on each day of acquisition. As there are changes in
temperature and new fallen snow accumulating in the area of acquisition, these variations
are coherent. The question that remains is whether we could use them to identify the type
of snow. Using the same nomenclature as specified in Table 1 and the ECOC classification
provided by ©Matlab, the computed error of classification with the estimated reduced
scattering coefficients is 42.86% for both Methods 1 and 2. This error value does not allow
for a conclusive classification of snow based on the scattering coefficient. Similar to the
sparkle study, our labelling may be questioned, as it was done empirically and solely
based on visual characteristics. However, it could also be that optical properties are not
discriminatory enough to characterise a constantly evolving material like snow.

A common application of the knowledge of absorption and scattering coefficients is
that it gives a description of the BSSRDF of the material studied [21]. The dipole model [20]
was implemented to represent the contribution of subsurface scattering through these
coefficients. Therefore, once the knowledge of these parameters is known, it is possible
to produce rendered images. The physically based renderer Mitsuba 3, designed by
Jakob et al. [35], can be used to implement rendering materials with subsurface scattering.
Using the estimated values of the absorption and reduced scattering coefficients for day
21 from Tables 3 and 4 and a 3D object modelled on one of the snow scenes surveyed for
data during our campaign, we were able to render images. The 3D object was obtained by
scanning the scene using a LiDAR scanner embedded in a smartphone. With such images,
one could use them to qualitatively verify whether the estimated values of the absorption
and reduced scattering coefficients are correct or if the model is appropriate. These rendered
images are just preliminary results and indicate perspectives for development in the
research field of in situ measurements of the optical properties of snow. The image in
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Figure 9 was rendered with the values estimated using Method 1, whereas the image in
Figure 10 was rendered with the values estimated using Method 2.

Table 4. Values of the reduced scattering coefficients estimated from in situ reflectance profiles
acquired with the TLS850 device.

Day
Method 1 µ′

s (mm−1) Method 2 µ′
s (mm−1)

R G B R G B

12 0.5153 0.5330 0.5182 0.4991 0.5186 0.5014
13 0.4641 0.4830 0.4547 0.4443 0.4612 0.4446
15 0.5058 0.5205 0.5106 0.4912 0.5057 0.4955
17 0.5134 0.5486 0.5254 0.4946 0.5305 0.5095
19 0.4142 0.4361 0.4186 0.4008 0.4208 0.4048
20 0.4659 0.4965 0.4721 0.4496 0.4784 0.4569
21 0.5038 0.5341 0.5181 0.4800 0.5085 0.4935
22 0.4398 0.4741 0.4508 0.4195 0.4531 0.4344
23 0.2779 0.2763 0.2854 0.2520 0.2521 0.2625
26 0.2976 0.3106 0.3098 0.2777 0.2866 0.2901
27 0.3359 0.3535 0.3537 0.3180 0.3310 0.3348
29 0.4199 0.4606 0.4261 0.4004 0.4405 0.4096
30 0.3673 0.3868 0.3798 0.3496 0.3656 0.3617
34 0.4390 0.5556 0.4988 0.4407 0.5362 0.4861

As can be observed, there are no significant differences in the appearance of these
two images, although the values of the coefficients differ. There is potential to study
acceptable variations of these coefficients for the rendering to remain convincing, and this
would require subjective experiments. In the case of snow, the images we produced seem
adapted, although some features could be added to make them more realistic. One could
consider the bluish aspect of snow, as recent work has been conducted on rendering
this aspect [2]. Studies have been conducted on modelling sparkle on materials [36,37].
Given the knowledge of sparkle we have shown, a physically based model of sparkle could
be implemented and incorporated into rendered snow pictures.

Figure 9. Snow scene rendered using the values of the absorption and reduced scattering coefficients
estimated with Method 1.
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Figure 10. Snow scene rendered using the values of the absorption and reduced scattering coefficients
estimated with Method 2.

4. Conclusions

We explored in situ measurement methods aimed at capturing and analysing physical
correlates of the snow’s visual appearance. In the case of the sparkle of snow, we were able
to reproduce the measurement method with the new set of images. We obtained different
results that do not allow us to conclude that sparkle could be used as a classification
indicator for snow type. But it does not contradict it either. As it stands, it requires more
attempts and shows that this type of study is difficult to conduct.

In the case of the absorption and scattering properties of snow, we were able to
apply our measurement protocol and retrieve estimates of the absorption and reduced
scattering coefficients. The estimates of µa in the case of snow were different from the
theoretical values, but the data obtained by the device and the inversion method were
developed for low-absorptive materials, thus making it difficult to obtain precise values
for small quantities. By comparing the reduced scattering coefficients obtained from the
two inversion methods, we can confirm that the absorption coefficients for snow can
be neglected. We fed these measurements into a physically based renderer to generate
simulated snow images. The results are preliminary and require improvements to make
them appear more realistic.

5. Future Work

The first suggestion for future work on studying the sparkle of snow is to build a large
database containing images of various types of snow from several locations worldwide,
captured under different conditions and temperatures. The grain-type classification should
be carried out by snow experts and by following a standardised nomenclature. This can be
accomplished by measuring the grain size or measuring the specific surface area of snow
grains [38]. Additionally, other parameters, such as the density, hardness, and wetness
of the snow, could be recorded. This database could be combined with deep learning
techniques to obtain the best possible results in the identification of snow. Furthermore,
for the sparkle study in this paper, a daylight setup was mainly used. However, a nighttime
setup with artificial lighting could also be used. Light sources could be controlled more
efficiently, and the contrast on the snow would be increased due to the ambient darkness.
Sparkle spots could thus be more frequent. Another suggestion for future investigation is to
study the variations in temperature one or two hours before the capturing of sparkle events
to check for a potential relationship between these variations and the sparkle indicators.
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Finally, one could investigate the chromatic changes occurring on the sparkle of snow,
which could be achieved in a nighttime setting where light is controlled.

Regarding the study of the absorption and scattering coefficients of snow, the rendered
images could be used for simulations to confirm the estimated values we obtained with our
inversion model. Ultimately, both methods we have explored in this study can be applied
and allow coherent results. One could imagine incorporating the knowledge of these
physical correlates into a rendering model of snow for virtual scenes. Another suggestion
for future investigation is to look at spatial surveys of the snow sites and check for potential
relationships between the physical correlates we have studied. Eventually, it would be
interesting to explore if these methods could be used for cameras embedded in drones to
remain in a close-range setup but perhaps cover a larger surface.
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