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Abstract: Variations in the productivity of subnivean vegetation can substantially affect the ecology of
regions more susceptible to increasing warming levels and lead to significant feedback effects on the
global climate. Due to its importance, this topic is at the center of a broad scope of interdisciplinary
studies supported by field and remote sensing observations. However, the current knowledge about
environmental factors affecting the penetration of photosynthetically active radiation (PAR) through
snow is still constrained by the paucity of transmittance data. In this work, we aim to further the
understanding about these interconnected processes. We conduct a systematic investigation about
the effects of independent and combined changes in key nivological characteristics, namely thickness,
saturation, density and grain size, on snow transmittance in the photosynthetic spectral domain. Our
investigation is carried out through controlled in silico (computational) experiments supported by
measured radiometric data. Its outcomes unveil fundamental quantitative and qualitative trends
related to the role played by these nivological characteristics on the spectral quality of transmitted
PAR, which is quantified in terms of red to blue (R/B), red to far-red (R/FR) and blue to far-red
(B/FR) ratios. These trends include increases in the R/B ratio as well as decreases in the R/FR and
B/FR ratios following thickness reductions or grain size increases, with opposite variations in these
ratios being observed for saturation or density increases. Accordingly, the pairing of our findings with
in situ and remotely collected information contributes to cement the scientific foundation required for
the effective assessment of cause-effect loops linking accentuated vegetation greening to accelerated
rates of snow cover recession.

Keywords: snow; photosynthetically active radiation; transmittance; spectral quality; vegetation

1. Introduction

A substantial fraction of the Earth’s land surface is covered by snow. Besides having
a major influence on the world’s radiation balance [1,2] and its atmosphere [3,4], snow
represents an essential source of fresh water in different regions of the planet [5,6], and it is
central for the sustainability of those regions’ ecosystems [7,8]. Accordingly, alterations in
snow cover can have significant environmental ramifications [9]. In particular, they can
lead to changes in vegetation phenology [10,11], which, in turn, can have a considerable
impact on the global climate [6,12]. The ecological consequences of these interconnected
biophysical processes are becoming more pronounced, notably in high latitude and high
altitude biomes more affected by varying warming conditions [12,13].

Several studies, carried out in situ or remotely, have been reporting noticeable changes
in the growing patterns of plant species in the Arctic and alpine regions in North America,
Europe and Asia [6,13–15]. Despite these notable scientific efforts, however, there is
still a considerable knowledge gap regarding the effects of snow cover alterations on the
vegetation of these regions [12]. In fact, as alluded to by several research groups [9,12,16–18],
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the subnivean ecology of plants and their interactions with the covering snowpack remain
largely overlooked in the related literature and, for all practical purposes, absent from
climate impact models of high latitude and high altitude vegetation.

Most research initiatives involving the aforementioned processes are primarily based
on the assessment of spectral radiation reflected by the affected regions, with a relatively
small number of studies also including the quantification of light transmitted through snow
cover. From a standard remote sensing point of view, it is comprehensible that more atten-
tion is given to reflected light [19–22], albeit the knowledge about factors affecting the light
transmitted by target materials can be particularly relevant for challenging applications
such as the remote detection of relatively thin snow layers [23,24]. From a broader scientific
perspective, however, it is necessary to make inroads toward a more comprehensive un-
derstanding of the intertwined light transport mechanisms affecting snow reflectance and
transmittance [1,2], notably with respect to the visible (photosynthetic) spectral domain.
It is widely known that photosynthetically active radiation (PAR) is critical to the plants’
growth and to the equilibrium of their hosting biomes [16,25]. Accordingly, advances in this
area would not only benefit remote sensing applications involving snow and vegetation in-
teractions, but also drive transformative research efforts across several fields, from ecology
and climatology to hydrology and agriculture, to name just a few.

Besides its pivotal participation in photosynthesis, PAR also markedly affects a myriad
of important photobiological processes such as seed germination, photoperiodism and
phototropism [8,26,27]. The extent of its effects on the subnivean vegetation depends not
only on the amount (photon flux density or PFD [26]) of the transmitted light, but also on its
spectral quality (distribution) [25,28,29]. For instance, a large number of plant species have
photoblastic seeds, i.e., seeds whose germination is influenced (positively or negatively) by
light [26,27]. Thus, PAR takes on a central photomorphogenic role by influencing the seeds’
germination timing [30], which impacts the survival of resulting seedlings and the plants’
fitness in subsequent life stages [26,29]. For many of these plant species, the breaking of
seed dormancy is induced by red light (from 600–700 nm) and cancelled by far-red light
(from 700–750 nm) [26].

Early field observations by Curl et al. [28] suggested that low levels of red light
beneath relatively thin snow layers may also be sufficient for promoting algal blooms in the
snowpack. Later, Richardson and Salisbury [25] postulated that the absence of red light or
far-red light under thick snowpacks and their reappearance under thin snow layers could
represent signals for regulating the development of lower and higher plants. It has also
been suggested [18] that the low red to far-red ratio of transmitted light could suppress
the emergence of plant organs under unfavourable temperature conditions. Conversely,
high red to far-red ratios could stimulate their emergence under favourable conditions.
This putative phenomenon would be similar to shade avoidance responses (e.g., petiole
and internode elongation with the purpose of increasing light capture) also elicited by
variations in the red to far-red ratios of radiation impinging on higher plants [27,31,32].

Recently, experiments by Kameniarová et al. [33] indicated that blue light (400–500 nm)
can markedly contribute to the activation of cold tolerance and acclimation responses of
plants. This aspect is consistent with previous empirical observations reporting that chloro-
phyll is synthesized under snow, and blue light increases its production [25,34]. Incidentally,
this essential component of the photosynthesis process has its bands of absorption maxima
located within the blue and red regions, and its band of absorption minima located within
the green (500–600 nm) region of the light spectrum [35].

The scarcity of comprehensive studies on the effects of the environmentally induced
variations on the spectral quality of PAR transmitted through snow cover may be explained
by the intrinsic limitations of in situ measurements. For instance, while attempting to
place sensors within a snow layer, one may inadvertently disturb the structure of the
snowpack [2,17,18], which may affect the measurements’ reliability. Also, systematic
investigations usually require specific variations in selected snow-specifying (nivological)
characteristics while the others are kept fixed. Such a control is difficult to be achieved
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under field conditions in which the changes are elicited by environmental factors that may
affect multiple nivological characteristics of the snowpack simultaneously. While such
controlled experiments can be attempted under laboratory conditions, usually artificially
prepared snow samples lack the morphological diversity (e.g., different grain sizes and
shapes) found in natural samples [36], which limits the scope of the observations that can
be derived from their outcomes. Moreover, experiments involving light transmission on
scattering materials, conducted under field or laboratory conditions, have to face another
challenging aspect, namely the control of incident illumination [1].

In this work, we systematically examine the impact that climate-elicited alterations in key
morphological characteristics of snowpacks can have on the spectral quality of the transmitted
PAR. More specifically, we focus on thickness (depth), density, grain size and saturation
(fraction of the medium, or pore space, surrounding the snow grains occupied by water)
alterations brought about by snow metamorphic processes (melting and settling) [16,28,37].
To overcome the technical constraints outlined earlier, we conducted controlled computational
(in silico) experiments using a first-principles model for light interactions with snow, known as
SPLITSnow (SPectral LIght Transport in Snow) [38]. It stochastically accounts for the complex
structure of snow in order to output high-fidelity radiometric data (e.g., spectral reflectance
and transmittance) for different illumination geometries.

The employed in silico investigation approach is grounded on measured radiomet-
ric and nivological data obtained for real snowpacks located in the Arctic [36]. We note
that this is the region most affected by climate change effects, with a warming rate more
accentuated than the global warming rate [12,39]. Moreover, this region is less prone to
the presence of impurities (e.g., black carbon particles originating from human activities
and industrial processes) that can significantly alter the absorption of light within a snow-
pack [2,16,25,40]. Thus, our choice of reference data also aimed to mitigate the introduction
of undue biases in our present investigation focused on the transmittance of snow in its
natural, uncontaminated state.

The outcomes of our investigation are expected to strengthen the knowledge founda-
tion required for the effective interpretation of in situ and remote observations of biomes
severely affected by snow cover alteration, and for the design of more robust climate impact
models for those biomes [12,13]. Furthermore, although a number of works have examined
how the transmittance of a snowpack is affected by changes in its nivological characteris-
tics [2,18,25,28,33,37,40], there are aspects related to the role played by alterations in key
snow parameters, such as density, that needed to be rectified. In this work, we also address
these issues. Hence, the qualitative and quantitative observations derived from our find-
ings also provide fundamental elements to be incorporated into broader interdisciplinary
studies and remote sensing applications involving the ecological implications of snow and
vegetation interactions [6,7,15] and their connections with global warming [9,12,14].

2. Materials and Methods

It is worth noting that measured datasets of light penetration in snow are usually
available in terms of transmitted flux (radiant power) [25,28,37], or in terms of relative
fractional readings relating the amount of radiant power reaching a certain depth with
the amount of radiant power penetrating the snowpacks’s top boundary [17,18]. To date,
hyperspectral measurements of transmittance, i.e., expressed by the ratio of transmitted to
incident fluxes [41,42], not limited to a few spectral samples [1] and subjected to negligible
contaminant-elicited spectral shifts [2], are still not readily available in the literature. This
data paucity issue served as an additional motivation for our work, which may also be seen
as a proof of concept for the generation of reliable hyperspectral transmittance data for
snow, and prompted the use of the methodology described in the remainder of this section.

2.1. Snow Samples Characterization Data

In field studies on the penetration of light through snow, usually a given site is
selected and measurements are conducted as the snow accumulation changes [2,18,25,28].
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Similarly, in studies involving predictive simulations [43,44], one may choose to employ
a representative snow sample with a characterization primarily based on the assignment
of average values (provided in the related literature) to the material parameters. In this
investigation, we elected to consider two distinct snow samples whose characterizations
have a direct correspondence with real snowpacks for which measured reflectance datasets,
to be used as baseline references, were readily available. As mentioned earlier, preference
was given for data associated with snowpacks located in regions more sensitive to climate
warming effects and less susceptible to contamination.

In order to meet the above guidelines, we searched for measured radiometric data
accompanied by detailed descriptions of the target snowpacks. Accordingly, without loss of
generality, we chose to use as baseline references for our investigation measured reflectance
datasets obtained by Salvatori et al. [36] on the Svalbard island, in the Arctic. More
specifically, these datasets were made available through the Snow and Ice Spectral Library
(SISpec 2.0) as spectral files #6 and #195.

The measurements stored in each spectral file were respectively conducted at the
Kulmodden (35 m above sea level) and Kiaerstranda (30 m above sea level) sites whose
nivological characteristics were detailed reported. This supporting information was then
employed to guide the assignment of appropriate values (presented in Table 1) for the
parameters used in the characterization of the virtual snow samples, henceforth simply re-
ferred to as Samples A and B, considered in our in silico experiments. The reader interested
in more details about the selection of parameter values employed in the characterization of
these samples is referred to Appendix A.

Table 1. Parameter values employed in the characterization of the snow samples (A and B) considered
in this investigation.

Sample A Sample B
Snow Parameters Value Value

Grain size range 1 (µm) 200–300 150–800
Temperature (◦C) −8 −3
Thickness (cm) 18 10
Saturation 2 (%) 0 0
Density (kg/m3) 360 340

Facetness 3 range 0.05–0.25 0.1–0.4
Facetness mean 0.15 0.25
Facetness standard deviation 0.075 0.1

Sphericity 4 range 0.7–0.9 0.9–0.97
Sphericity mean 0.8 0.935
Sphericity standard deviation 0.1 0.05

1 The snow grains are represented by prolate spheroids with a semi-major axis equal to c, and a semi-minor axis
related to c by their sphericity [38,45]. As suggested in the UNESCO-IHP report on The International Classification
for Seasonal Snow on the Ground, the “size of a grain or particle is its greatest extension” [46]. Accordingly, in our
simulations, the size of the grain corresponds to 2c, with c represented by a random variable with a uniform
probability that allows for a configurable range. 2 Fraction of a sample’s pore space occupied by water [38].
3 Facetness ( f ∈ [0..1]) equal to zero yields perfectly smooth grains [38]. It is represented in our simulations by a
random variable with a normal probability distribution [38]. 4 Sphericity (Ψ ∈ [0..1]) equal to one yields perfectly
spherical grains [38]. It is represented in our simulations by a random variable with a probability distribution
previously employed for particulate materials [38,47].

It is worth mentioning that Sample A has a thickness of 18 cm. This value approxi-
mately corresponds to the light penetration depth (LPD) of a typical snowpack, and it may
also represent its photosynthesis compensation depth [28]. The former quantity is normally
defined as the depth in which the incident light at the surface is reduced by ≥99%, yielding
transmittance values <1% [48–50], while the latter corresponds to the depth at which the
rate of photosynthesis for an aquatic plant equals the rate of respiration by that plant [51].
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Sample B, on the other hand, has a lower thickness (10 cm) and higher LPD. Its inclu-
sion in our investigation was motivated by the possibility of expanding our quantitative
and qualitative observations. It enabled us to assess changes in the spectral quality of
PAR transmitted through samples with distinct morphological characteristics that could
potentially lead to distinct optical behaviours.

2.2. In Silico Investigation Framework
2.2.1. Experimental Setup

The controlled in silico experiments presented in this work consisted primarily in
the computation of directional-hemispherical reflectance and transmittance curves for the
selected snow samples using the SPLITSnow model [38]. Its ray-optics formulation allows
for a (light) ray interacting with a given snow sample to be associated with any wavelength
(denoted by λ) within the spectral domain of interest. Accordingly, all modelled radiometric
curves (from 400 to 750 nm) were computed considering a spectral resolution of 5 nm,
with 106 incident rays per λ. This number of rays cast by a virtual spectrophotometer [52]
was selected to ensure asymptotically convergent radiometric readings.

For consistency with the SISpec measured radiometric datasets [36] employed as
baseline references in this investigation, the modelled radiometric curves were obtained
considering an angle of incidence of 0◦ (with respect to the samples’ normal vector). We
note that the SISpec measured radiometric datasets [36] correspond to reflectance factors
calculated considering a hemispherical incidence geometry, with the a small acquisition
sensor (optic fibre) positioned directly above (50 cm) the target surfaces. The modelled
datasets, on the other hand, correspond to directional-hemispherical reflectances. This
apparent discrepancy can be clarified as it follows.

Recall that reflectance can be defined as the ratio of reflected to incident fluxes [41,53],
while reflectance (radiance) factor can be expressed as the ratio of the radiant flux reflected
by the target surface to that which would be reflected into the same reflected-beam geom-
etry by a diffuse surface irradiated in the exactly same way [54,55]. Based on the works
of Judd [54] and Nicodemus [53,55], the directional-hemispherical reflectance and the
hemispherical-directional reflectance factor quantities are considered numerically equiva-
lent for a given direction as a direct consequence of Kirchhoff’s law [56] and the Helmholtz
reciprocity principle [54]. Thus, for practicality, in studies involving the radiometric re-
sponses of materials characterized by a near-Lambertian behaviour, such as snow irradi-
ated from an angle of incidence of 0◦ [38,57], directional-hemispherical reflectance and
hemispherical-directional reflectance factor can be used interchangeably [58,59].

We remark that light penetration measurements conducted in situ often rely on the
insertion of sensors at different depths of a snowpack [17,18]. Considering the incoherent
(diffuse) nature of light propagation through snow [1], such a setup may allow for light
backscattered from a certain depth to be detected by a sensor placed at a shallower depth.
This can result in a flux reading larger than that of the actual flux transmitted from the
sample’s top boundary to the sensor’s depth. Since we are interested in the PAR reaching
subnivean vegetation, instead of the PAR reflected by it, we employed a different setup.
More specifically, we computed the transmittance values at the indicated thickness (equiv-
alent to the depth of the samples’ bottom boundary). In other words, once a (light) ray
exits a snow sample at the specified thickness (bottom depth), it is considered permanently
propagated by the snow sample, i.e., it no longer contributes to the sample’s transmittance
reading at that depth.

We note that our in silico experimental setup is consistent with other setups employed
in field and quasi-laboratory campaigns. In some of those setups, the transmittance values
are measured using a tunnel to place the measurement sensor at the bottom depth of
the snowpack [25,34]. The values for different thicknesses (depths) are recorded as snow
accumulates on a window (port) placed in the top of the tunnel located at snow-soil
interface. Alternatively, the sensor is either positioned underneath a snow slab extracted
from a snow bank and placed on a metal table [1], or on the top of a dark plywood platform
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in which snow accumulates following snowfalls [2]. Although, these setups are not suitable
for the survey of a wide range conditions and depend on snowfall [2], they allow for
radiometric readings to be obtained without disturbing the accumulated snow and creating
pathways for spurious light transmission.

2.2.2. Experimental Phases

As the winter transitions to summer and the weather gets progressively warmer in
high latitude and high altitude regions, snow melting and settling processes take place.
These processes alter the morphological characteristics of the snow layers covering these
regions. Their thickness decreases while their density, saturation level (associated with
free water content) and grain size increase [28,37]. Accordingly, we organised our in silico
experiments into three phases so that we could systematically examine the independent
and concomitant impact of these environmentally elicited morphological alterations on the
spectral quality of transmitted PAR.

Initially, in Phase I, we computed reflectance curves for the selected snow samples.
We then compared the modelled curves with their measured counterparts provided by
Salvatori et al. [36]. This enabled us to verify the plausibility of the snow characterization
datasets (Table 1) and to establish reliable baselines for our transmittance experiments.
Subsequently, in Phase II, we conducted transmittance experiments to assess the specific
role played by changes in each of the affected nivological characteristics (parameters).
Finally, in Phase III, we conducted experiments to examine their combined effects.

For the Phase II experiments, we considered the same relative changes for each given
parameter for both samples. More specifically, for the thickness (denoted by t) experiments,
we considered 25%, 50% and 75% reductions in the default values (Table 1). For the satura-
tion (denoted by S) experiments, we considered four values (levels): 0% (default), 10%, 20%
and 30%. For the density (denoted by d) experiments, we considered incremental changes
of 80 kg/m3. Lastly, for the grain size range (denoted by gsr) experiments, we considered
increments of 100 µm in the samples’ average size calculated from their respective default
gsr values. We remark that all values assigned to S, d and gsr are within the valid intervals
reported for these nivological characteristics in the related literature [37,46,60].

For the Phase III experiments, we computed transmittance curves considering high
values for d and gsr parameters and curves considering low values for these parameters.
More precisely, we assigned to d and gsr the maximum and minimum values attributed to
them in the Phase II experiments.

For each set of the Phase II and Phase III experiments, all parameters not subject
to change were assigned the default values provided in Table 1 unless otherwise stated.
For instance, the Phase II experiments involving changes in the samples’ saturation as well
as the Phase III experiments were repeated considering a 75% reduction in the samples’
default thickness values. These additional experiments were conducted to further extend
our scope of observations.

2.2.3. Spectral Ratios

To assess the alterations in the spectral quality of PAR transmitted through the snow
samples considering the distinct scenarios outlined in Section 2.2.2, all transmittance
experiments were accompanied by the calculation of selected spectral ratios of transmitted
light: red to blue (denoted by R/B), red to far-red (denoted by R/FR) and blue to far-red
(denoted by B/FR) [27]. These ratios were calculated using the following expressions [25]:

R/B =
τ(660)
τ(400)

, (1)

R/FR =
τ(660)
τ(730)

, (2)
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and

B/FR =
τ(400)
τ(730)

, (3)

where τ(λ) denotes the transmittance at the wavelength λ (in nm).

2.3. Fidelity and Reproducibility

Arguably, two aspects are essential for the validity of any in silico investigation,
namely fidelity and reproducibility. Hence, it is relevant to point out that the predictive
capabilities of the SPLITSnow model have been extensively evaluated through quantitative
and qualitative comparisons with actual measured data and observations reported in the
related literature [38,43,44]. Moreover, the degree of fidelity [61] of its predictions is further
illustrated through our baseline experiments described in Section 3.1.

Regarding the reproducibility of our findings, we note that we made SPLITSnow ac-
cessible for online use [62] through our model distribution system [63]. Also, all supporting
datasets, such as the spectral refractive indices for water and ice (Figure 1), employed in
this work are openly available in a dedicated data repository [64].

400 450 500 550 600 650 700 750

1.25

1.3

1.35

1.4

1.45

wavelength (nm)

re
a

l 
p

a
rt

 

 

Water

Ice

(a)

400 450 500 550 600 650 700 750

10
−10

10
−9

10
−8

10
−7

10
−6

wavelength (nm)

im
a

g
in

a
ry

 p
a

rt

 

 

Water

Ice

(b)

Figure 1. Spectral refractive indices for water and ice employed in the in silico experiments described
in this work. (a) Real part for water [65] and ice [40]. (b) Imaginary part (extinction coefficient) for
water [65,66] and ice [40].

It is worth noting that snow transmittance data can be obtained using models of
snow and light interactions based on different simulations approaches. Given the intrinsic
differences between such approaches (e.g., deterministic [67] versus non-deterministic [38]),
the transmittance readings obtained by them may vary. Instead of using results provided
by other models as references in our investigation, we strived to use measurements and
empirical observations reported in the literature. After all, even if the readings provided
by different models agree, their fidelity still needs to be assessed through comparisons
with the “real thing” whenever this is feasible [61]. Incidentally, many of the existing
models are designed primarily to provide reflectance readings. Perhaps, our investigation
will motivate their designers to alter their formulation to allow for the straightforward
computation of transmittance values, which could then be used to expand our findings.
Clearly, such an undertaking is beyond the scope of the work described in this paper.
The reader interested in comparisons of existing models is referred to a recent publication
on this topic [68].

3. Results
3.1. Phase I—Baseline Responses

As it can be observed in the graphs presented in Figure 2, the reflectance curves com-
puted for snow Samples A and B using the SPLITSnow model [38] show a close agreement
with their measured counterparts provided by Salvatori et al. [36]. It has been indicated in
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the related literature [69] that root-mean-square errors (RMSE) below 0.03 indicate good
spectrum reconstruction, notably for remote sensing applications. The RMSE values cal-
culated for the reflectance curves obtained for Samples A and B were equal to 0.0033 and
0.0051, respectively. These aspects reiterate the plausibility of the employed snow char-
acterization datasets (Table 1) and the fidelity of the predictions provided by our in silico
experimental framework. Accordingly, we employed those datasets to obtain the sample’s
transmittance curves in our subsequent experiments.
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Figure 2. Comparison of modelled and measured reflectance curves. (a) Sample A. (b) Sample B.
The modelled curves were computed using the SPLITSnow model [38] and the snow characterization
datasets presented in Table 1. The measured curves were provided by Salvatori et al. [36].

3.2. Phase II—Independent Effects
3.2.1. Thickness Changes

It has been reported that a reduction in the thickness of a snow layer leads to an increase
in its transmittance, and such an increase is nonlinear [2,18,34]. Moreover, the transmittance
values are higher in the blue-green region, and progressively lower in the red and far-red
regions of the photosynthetic spectral domain [2,25]. As it can be observed in the graphs
presented in Figure 3, the transmittance curves computed for Samples A and B present
these traits.

The graphs presented in Figure 3 also show that the rate of transmittance increase
is progressively higher with reduced thickness, with the transmittance curves tending to
become flat within the blue and green regions as the samples get thinner. This behaviour
is consistent with light transmission measurements performed for thin and thick snow
covers [2,34]. It also aligns with the fact that the light traversing a snow layer tends to
elicit a stronger blue-green hue as its thickness is increased, and a weaker blue-green hue
otherwise [34,70]. These phenomena can be explained by the relatively higher levels of
light absorption occurring at longer wavelengths within a snowpack [71–73].

It is worth noting that in the in situ fractional transmittance measurements performed
by Robson and Aphalo [18], the readings obtained in the blue region at lower depths
(associated with smaller thickness values) were significantly higher than the readings
obtained for remainder of the PAR spectrum at the same depth. This apparent disparity
with respect to the shape of the modelled transmittance curves presented in Figure 3 may
be explained by the different measurement setup employed by Robson and Aphalo [18].
As previously outlined in Section 2.2.1, such a setup may also account for upward fluxes
from depths higher (farther from the snow samples’ top surface) than that of the PAR
detection sensor.
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Figure 3. Modelled transmittance curves obtained considering changes in the samples’ thickness (t)
values. (a) Sample A. (b) Sample B. The curves were computed using the SPLITSnow model [38] and
the snow characterization datasets presented in Table 1 unless otherwise stated.

As for the impact of thickness reductions on the spectral quality of the transmitted
PAR, they led to increases in the samples’ R/B ratios, and decreases in their R/FR and
B/FR ratios as depicted in Table 2. Furthermore, the B/FR ratios presented the largest
variations. Again, this aspect may be explained by the distinct levels of light absorption
taking place at the opposite ends of the PAR spectrum [71,72]. Since the absorption levels
of blue light are lower than those of far-red light, the quantification of the former (in terms
of PFD) tends to be more sensitive to thickness changes.

Table 2. Spectral ratios calculated for Samples A and B considering the effects of thickness (t, in cm)
changes on their transmittance curves (Figure 3).

Sample A Sample B

t R/B R/FR B/FR t R/B R/FR B/FR

18.0 0.16 5.49 33.84 10.0 0.54 1.94 3.55
13.5 0.30 3.03 10.11 7.5 0.71 1.55 2.21
9.0 0.56 1.87 3.32 5.0 0.87 1.25 1.45
4.5 0.88 1.23 1.39 2.5 0.98 1.07 1.09

3.2.2. Saturation Changes

The presence of water in a snow sample’s pore space affects the propagation of light
through distinct light attenuation mechanisms. It increases the probability of light being
scattered/refracted from the ice grains to the pore space by reducing the refractive index
differences between the grains and their surrounding medium. In addition, the presence
of water increases the probability of red and far-red light traversing the pore space being
absorbed since the extinction coefficient of water markedly increases toward the red-end of
the PAR spectrum (Figure 1b).

The net effect of these mechanisms is a trend towards a transmittance increase in the
blue and green regions, and a transmittance decrease in red and far-red regions. As it can
be observed in the graphs presented in Figure 4, the modelled transmitted curves depict
this trend, albeit the observed changes have a small magnitude due to the relatively low
amount of light reaching the bottom boundary of the samples at their specified default
thickness values (Table 1). It can also be observed that the transition from the reduced to
the increased transmittance profiles is located in different spectral bands for each sample.
While for Sample A it is located within a spectral band in the green region, for Sample B
its located within a spectral band in the red region. This difference may be attributed to
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the distinct morphological characteristics of the samples, and to the effects that changes in
these characteristics can have on the samples’ optical properties.

In Table 3, we provide the spectral ratios computed for Samples A and B considering
the effects of saturation changes on their transmittance curves (Figure 4). For both samples,
the increase of their saturation levels led to the decrease of their R/B ratios and the increase
of their R/FR and B/FR ratios. The large values calculated for the B/FR ratios of Sample
A with respect to the high saturation levels may be explained by the magnification of
numerical values occurring when diving by small numbers, which are represented in this
case by transmittance readings approaching zero in the far-red region (Figure 4a).
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(d)
Figure 4. Modelled transmittance curves obtained considering changes in the samples’ saturation
(S) values. (a) Sample A. (b) Sample B. (c) Zoom-in of curves presented in (a). (d) Zoom-in of
curves presented in (b). The curves were computed using the SPLITSnow model [38] and the snow
characterization datasets presented in Table 1 unless otherwise stated.

Table 3. Spectral ratios calculated for Samples A and B considering the effects of saturation (S, in %)
changes on their transmittance curves (Figure 4).

Sample A Sample B

S R/B R/FR B/FR S R/B R/FR B/FR

0 0.16 5.49 33.84 0 0.54 1.94 3.55
10 0.12 11.98 102.20 10 0.51 2.58 4.99
20 0.10 20.10 203.31 20 0.49 3.10 6.29
30 0.09 25.71 289.55 30 0.48 3.56 7.39

To broaden our scope of observations, we repeated the saturation experiments consid-
ering a 75% reduction in the samples’ default thickness values. The resulting transmittance
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curves are presented in Figure 5. Trends similar to those verified for the default thickness
values can be observed, namely a transmittance increase for shorter wavelengths and
a transmittance reduction for longer wavelengths. However, since there is more light
reaching the samples’ bottom border, the transmittance changes are more noticeable for
the thinner versions of the samples. Moreover, the transition between the two behaviours
was located in narrower spectral bands closer to the end of the spectral domain of interest.
Again, the transition position was not the same for both samples. While for Sample A the
host narrow band was located between the red and far-red regions, for Sample B it was
located within the far-red region.
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Figure 5. Modelled transmittance curves obtained considering changes in the samples’ saturation (S)
values when their default thickness values (Table 1) are reduced by 75%. (a) Sample A. (b) Sample B.
The curves were computed using the SPLITSnow model [38] and the snow characterization datasets
presented in Table 1 unless otherwise stated.

Despite the differences between transmittance changes brought about by the increase
in saturation in the thinner versions of the samples with respect to changes reported for
their thicker (default) versions, the corresponding spectral ratios presented in Table 4
depict the same qualitative trends. More precisely, for both samples, the increase of their
saturation level led to the decrease of their R/B ratios and the increase of their R/FR
and B/FR ratios. Quantitatively, however, the variations in the R/FR and B/FR ratios
were noticeably smaller than those associated with the same spectral ratios calculated
considering the samples default thickness values.

Table 4. Spectral ratios calculated for Samples A and B considering the effects of saturation (S, in %)
changes on their transmittance curves (Figure 5) and their default thickness values reduced by 75%.

Sample A Sample B

S R/B R/FR B/FR S R/B R/FR B/FR

0 0.87 1.23 1.42 0 0.98 1.07 1.09
10 0.84 1.39 1.65 10 0.97 1.09 1.13
20 0.82 1.54 1.88 20 0.96 1.13 1.17
30 0.80 1.66 2.07 30 0.95 1.15 1.21

3.2.3. Density Changes

As indicated in the graphs presented in Figure 6, the increase in the samples’ density
led to a decrease in their transmittance. This behaviour, also noted in quasi-laboratory exper-
iments [2], can be associated with the accentuation of light detour effects [35,74,75] that can
lengthen the path traversed by light, increasing the probability of attenuation events [28].
Furthermore, the graphs presented in Figure 6 show that the transmittance decrease ob-
served for both samples is nonlinear, being progressively lower with increased density.



Remote Sens. 2024, 16, 927 12 of 22

Compared to the saturation changes (Figure 4), the density changes considered in our
experiments resulted in more noticeable alterations in the transmittance curves (Figure 4)
considering the samples’ default thicknesses. The qualitative trends observed in the
variations of the spectral ratios associated with density changes were the same as those
associated with saturation changes, however. More precisely, as presented in Table 5,
the increase in density also led to the decrease of the R/B ratios and the increase of the
R/FR and B/FR ratios for both samples. Furthermore, similar to what happened in the
saturation experiments, the large values calculated for the B/FR ratio of Sample A with
respect to the highest density considered in the experiments may also be explained by
the aforementioned numerical magnification issue (Section 3.2.2) involving transmittance
values approaching zero in the far-red region (Figure 6a).
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Figure 6. Modelled transmittance curves obtained considering changes in the samples’ density (d)
values. (a) Sample A. (b) Sample B. The curves were computed using the SPLITSnow model and the
snow characterization datasets presented in Table 1 unless otherwise stated.

Table 5. Spectral ratios calculated for Samples A and B considering the effects of density (d, in kg/m3)
changes on their transmittance curves (Figure 6).

Sample A Sample B

d R/B R/FR B/FR d R/B R/FR B/FR

200 0.48 2.07 4.30 180 0.87 1.29 1.52
280 0.29 3.28 11.41 260 0.69 1.54 2.21
360 0.16 5.49 33.84 340 0.55 1.94 3.55
440 0.07 8.53 116.98 420 0.41 2.45 5.90

3.2.4. Grain Size Changes

Laboratory experiments [76,77] carried out on different soil samples have shown
that their transmittance increases with increased soil grain (particle) size. In the case
of particulate materials like soils, larger grains are less likely to scatter light [48]. Thus,
the consequence of grain size increase is a reduction in light attenuation, which leads
to an increase in transmittance for a given thickness. From an analytical point of view,
larger snow grains are also associated with lower levels of light attenuation [40]. Thus,
the transmittance of snow is also expected to have an inverse relationship with the size of
their constituent grains as reported for other particulate materials. Indeed, this behaviour
was verified by our in silico experiments, i.e., the increase in the samples’ grain size range
led to higher transmittance values for both samples as depicted in the graphs presented in
Figure 7.

The increase in the grain size range also resulted in variations in the associated spectral
ratios, albeit markedly distinct from those observed in the previous experiments. More
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precisely, as indicated in Table 6, the increase in the samples’ grain size range led to the
increase of their R/B ratios and the decrease of the R/FR and B/FR ratios.
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Figure 7. Modelled transmittance curves obtained considering changes in the samples’ grain size
range (gsr) values. (a) Sample A. (b) Sample B. The curves were computed using the SPLITSnow
model and the snow characterization datasets presented in Table 1 unless otherwise stated.

Table 6. Spectral ratios calculated for Samples A and B considering the effects of grain size range (gsr,
in µm) changes on their transmittance curves (Figure 7).

Sample A Sample B

gsr R/B R/FR B/FR gsr R/B R/FR B/FR

200–300 0.16 5.49 33.84 150–800 0.54 1.94 3.55
300–400 0.25 3.53 14.24 350–800 0.76 1.43 1.88
400–500 0.33 3.06 9.29 550–800 0.82 1.31 1.59
500–600 0.88 2.50 6.52 750–800 0.84 1.26 1.49

3.3. Phase III—Combined Effects

As indicated by the outcomes of the Phase II experiments, the nivological characteris-
tics particularly changed by snow melting and settling processes, namely density and grain
size, have opposite effects on the spectral quality of transmitted PAR when their respective
changes are considered separately. However, we remark that concomitant changes of these
characteristics have been observed during those natural processes, with the increase in the
density of a snowpack’s being accompanied by the increase in the size of its constituent
grains [37]. To investigate the net effect of these concomitant changes, we compared the
transmittance curves obtained considering the minimum and maximum values assigned to
the related snow parameters, d and gsr, in the Phase II experiments.

As it can be verified in the graphs presented in Figure 8, the simultaneous increase in
density and grain size resulted in the decrease of transmittance in the lower portion of PAR
spectrum, and in the increase in the higher portion for both samples. While the transition
point was located within the 550–600 nm band for Sample A, it was located within the
650–700 nm band for Sample B. The presence of water, which can also occur during the
snow metamorphic processes [37], slightly accentuated these trends for both samples.

These aspects indicated that the effects of concomitant density and grain size changes
on snow transmittance are not uniform across the PAR spectrum, and their spectral de-
pendency can vary depending on the nivological characteristics of a given snowpack.
The trends observed for the samples’ spectral ratios, which are presented in Table 7, were
the same, however. More specifically, the concomitant increase in density and grain size
led to the decrease of the samples’ R/B ratios, and the increase of their R/FR and B/FR
ratios. These behaviours were also observed when we considered the presence of water in
the samples’ pore space.
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Figure 8. Modelled transmittance curves obtained considering concomitant changes in the samples’
density (d), gran size range (gsr) and saturation (S) values. (a) Sample A. (b) Sample B. The curves
were computed using the SPLITSnow model and the snow characterization datasets presented in
Table 1 unless otherwise stated.

Table 7. Spectral ratios calculated for Samples A and B considering the combined effects of density (d,
in kg/m3), grain size range (gsr in µm) and saturation (S in %) changes on their transmittance curves
(Figure 8).

Sample A Sample B

d gsr S R/B R/FR B/FR d gsr S R/B R/FR B/FR

200 200–300 0 0.50 2.17 4.36 180 150–800 0 0.85 1.27 1.40
440 500–600 0 0.26 3.57 13.70 420 750–800 0 0.78 1.40 1.79
440 500–600 30 0.19 12.85 66.32 420 750–800 30 0.70 2.16 3.07

We remark that during the melting and settling processes, the thickness of a snow cover
may also be reduced [28]. Accordingly, we repeated the previous experiments considering
a 75% reduction in the samples’ default thickness values (Table 1). As a result, the effects
on the samples’ transmittance curves were altered both quantitatively and qualitatively.
More precisely, as depicted in the graphs presented in Figure 9, the concomitant increase
in density and grain size led to a transmittance increase across the blue-red region for
both samples. In the case of Sample B, this increase was also verified in the far-red region.
Furthermore, the magnitude of the transmittance variations was larger than that observed
considering the samples’ default thickness values (Figure 8).

Like in the previous experiments considering the samples’ default thickness values,
the presence of water affected the transmittance variations. For both samples, it accentuated
the transmittance increase in the blue-red region. However, for the far-red region, it
counteracted the effects of concomitant increase in density and grain size. In fact, for Sample
A, it has led to the decrease of transmittance in the far-red region.

As for the corresponding spectral ratios, which are presented in Table 8, they depicted
the same trends reported for the samples when we considered their default thickness values.
More explicitly, the concomitant increase in density and grain size led to the decrease of
their R/B ratios, and the increase of their R/FR and B/FR ratios. Furthermore, these trends
were also verified when we considered the presence of water in the samples’ pore space.
However, while the magnitude of the transmittance variations was more accentuated for
the thin version of the samples, the magnitude of spectral ratios’ variations was markedly
less significant.
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Figure 9. Modelled transmittance curves obtained considering concomitant changes in the samples’
density (d), gran size range (gsr) and saturation (S) values when their default thickness values (Table 1)
are reduced by 75%. (a) Sample A. (b) Sample B. The curves were computed using the SPLITSnow
model and the snow characterization datasets presented in Table 1 unless otherwise stated.

Table 8. Spectral ratios calculated for Samples A and B considering the combined effects of density (d,
in kg/m3), grain size range (gsr in µm) and saturation (S in %) changes on their transmittance curves
(Figure 9) when their default thickness values are reduced by 75%.

Sample A Sample B

d gsr S R/B R/FR B/FR d gsr S R/B R/FR B/FR

200 200–300 0 0.98 1.08 1.10 180 150–800 0 1.01 1.02 1.01
440 500–600 0 0.92 1.17 1.26 420 750–800 0 1.00 1.02 1.02
440 500–600 30 0.88 1.40 1.59 420 750–800 30 0.99 1.09 1.11

4. Discussion

Despite the important connections between environmentally induced alterations in
snow PAR transmission profiles and changes in subnivean vegetation, which can lead to
pivotal feedback effects [12,78] on the planet’s climate patterns and on the sustainability
of its ecosystems [6,13], there is a noticeable paucity of measured transmittance data
to support comprehensive studies in this area. Such studies are needed to further the
current understanding about the impact of snow cover alterations on vegetation [9,12,15].
Thus, to systematically examine those connections while coping with measured data
constraints, we employed an in silico experimental approach and used available reflectance
measurements for snow to establish baseline references (Section 3.1) for our investigation.

Initially, we methodically examined the effects of independent changes in snow thick-
ness, saturation, density and grain size (Section 3.2). The transmittance changes specifically
elicited by each of these snow characteristics were consistent with empirically-based obser-
vations reported in related works on light interactions with granular materials. In concise
terms, the reduction in thickness led to a nonlinear transmittance increase, the increase in
saturation led to a transmittance increase in the lower end of the PAR spectrum and an
increase in the upper end, the increase in density led to a transmittance decrease, and the
increase in grain size led a transmittance increase.

As mentioned in Section 2.1, we have considered as references two snow samples
with distinct characteristics in our investigation. It may be argued, that the use of a larger
number of snow samples can lead to quantitative variations in our observations, i.e., trans-
mittance curves with distinct magnitudes. However, we remark that our focus was on
qualitative trends. These are likely to be preserved since the employed samples have typical
characterizations. In fact, as mentioned earlier, our observations were consistent with trends
empirically verified for snow and other granular materials with distinct characteristics.



Remote Sens. 2024, 16, 927 16 of 22

Nonetheless, there is certainly room for the future extension of our investigation to sam-
ples characterized by more significant variations from the norm such as those containing
noticeable amounts of impurities.

It is also worth noting that density plays a particularly relevant role in environmen-
tal studies involving the effects of snow cover variations in subnivean vegetation and
soil [16,79], as well as in estimations of SWE (snow water equivalent) quantities [22]. Our
findings indicate that an independent increase in the density of a snowpack leads to a
decrease in its PAR transmittance. Although this relationship is consistent with empirically-
based observations reported in the literature (Section 3.2.3), it has been stated in a number
of publications [17,18,25,28] that transmittance of a snowpack increases with increased
density. Incidentally, none of those works carried actual controlled experiments on the
independent effects of density changes on snowpack’s transmittance.

The explanation for this apparent divergence lies on how the field observations re-
ported in the seminal work by Gerdel [37] have been interpreted and cited in those subse-
quent publications. For instance, Robson and Aphalo [18] stated that snow transmittance
increases with increased density citing the work by Richardson and Salisburry [25], while
Saarinen et al. [17] mentioned the same transmittance-density relationship citing the work
of Curl et al. [28]. Richardson and Salisburry [25], in turn, cited the works by Curl et al. [28]
and Gerdel [37] when they mention rises in light transmission through a snowpack follow-
ing increases in its density, while Curl et al. [28] themselves cited the work of Gerdel [37]
when they made the same statement.

Upon a closer examination of Gerdel’s field observations [37], a few elucidative aspects
stand out. First, his measurements did not include spectral distributions. Instead, they
corresponded to the total amount of radiance from 250 to 3000 nm penetrating the snowpack.
Second, indeed Gerdel [37] initially mentioned that the amount of transmitted radiation
increases with increase density. However, while describing his experiments in more detail,
he also reported that the increase in density was accompanied by a substantial increase in
grain size and, in some measurement instances, it was also accompanied by an increase
in the percentage of free water (associated with the snowpack’s saturation level). More
recently, Perovich [2] suggested that density might have been just a proxy for other snow
characteristics, notably grain size, in previous investigations of its relationship with snow
optical properties.

We remark that the outcomes of our Phase III experiments (Section 3.3) showed that a
concomitant increase in density and grain size can lead to a transmittance increase in the
PAR spectral domain, and such an increase can be further affected by the presence of water
in the samples’ pore space. Hence, as indicated by our density related findings, presented
in Sections 3.2.3 and 3.3, the effects of density changes on the snow transmittance may vary
depending whether or not these changes are accompanied by significant alterations in the
other key nivological characteristics, namely, grain size, saturation and thickness.

The data scarcity issue highlighted earlier is even more severe with respect to the
spectral distribution of the transmitted PAR and its quantification in terms of photobio-
logically relevant spectral ratios, notably R/B, R/FR and B/FR. The extent of the impact
of individual or combined changes in snow characteristics on these ratios have not been
examined in the related literature to date. In our investigation, we specifically aimed to
address this knowledge gap. Recall that, as snow melting and settling processes take place,
the thickness of a snowpack decreases, while its saturation, density and grains’ size range
increase [28,37]. Accordingly, we were particularly interested in these environmentally
elicited changes to the examined nivological characteristics.

The outcomes of our Phase II experiments involving independent changes in the
samples’ nivological characteristics (Section 3.2) brought out definite trends, which are
concisely depicted in Table 9. More explicitly, while thickness reductions and grain size
increases led to increases in the R/B ratio and decreases in the R/FR and B/FR ratios,
the increases in saturation and density led to opposite effects on these ratios. Moreover,
changes in a specific parameter leading to an increase in the R/B ratio were accompanied
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by a decrease in the corresponding RF and B/FR ratios, and vice-versa. We note that these
trends were observed for both snow samples.

Table 9. Summary of alterations in the R/B, R/FR and B/FR spectral ratios of PAR transmitted
through the examined snow samples considering independent changes in their nivological character-
istics (Phase II experiments). The symbols ↓ and ↑ represent decreases and increases, respectively.

Characteristic Change R/B R/FR B/FR

Thickness ↓ ↑ ↓ ↓
Saturation ↑ ↓ ↑ ↑
Density ↑ ↓ ↑ ↑
Grain Size ↑ ↑ ↓ ↓

Recall that variations in the R/B, R/FR and B/FR ratios may act as signals to prompt
the activation and/or accentuation of biophysical processes that can directly affect the
development of subnivean vegetation (Section 1). These interconnected photobiological
mechanisms include the rise in chlorophyll production associated with decreases in the
R/B ratios [25,34], the breaking of seed dormancy and the emergence of plant organs
associated with increases in the R/FR ratios [18,26], as well as the reduction of cold
tolerance and acclimation responses associated with decreases in the B/FR ratios [25,33].
Hence, our findings suggest that, although thinner snowpacks and snowpacks formed
by larger grains are more likely to provide more favourable conditions for the growth of
subnivean vegetation, they are less likely to contribute to the gemination of subnivean
seeds and the emergence of subnivean plants organs sensitive to increases in the R/FR
ratios. On the other hand, denser snowpacks and wet snowpacks are likely to have the
opposite effects on subnivean vegetation.

As previously noted (Section 2.2.2), the changes in the examined nivological charac-
teristics are likely to occur concomitantly as a snowpack undergoes melting and settling
processes. The outcomes of our Phase III experiments (Section 3.3), in which we considered
this possibility, also brought out definite trends summarized in Table 10. More specifically,
a thickness reduction accompanied by an increase in saturation, density and grain size is
likely to lead to the decrease of the R/B ratios and the increase of the R/FR and B/FR
ratios. Again, these trends were observed for both snow samples. Hence, our findings also
suggest that, as snow metamorphic processes take place, the PAR traversing a snowpack is
more likely to accentuate the production of chlorophyll as well as the cold tolerance and
acclimation responses of subnivean plants. It may also promote the germination of photo-
blastic seeds and the emergence of plant organs, particularly those belonging to subnivean
species sensitive to increases in the R/FR ratios. Hence, our findings are aligned with
recently reported observations on increasing vegetation productivity, or greening [7,13],
following snow cover recession, notably in high latitude and high altitude regions more
susceptible to climate warming effects on snow melting and settling processes [12,14].

Table 10. Summary of alterations in the R/B, R/FR and B/FR spectral ratios of PAR transmitted
through the examined snow samples considering concomitant increases in their density, grain size
range and saturations values (Phase III experiments). The alterations are provided with respect to the
samples’ default and reduced thickness values, with the symbols ↓ and ↑ representing decreases and
increases, respectively.

Thickness R/B R/FR B/FR

Default ↓ ↑ ↑
Reduced ↓ ↑ ↑

We note that the greening phenomenon has been the object of a wide gamut of
interdisciplinary studies supported by field and remote sensing observations [6,9,13–15,78].
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Besides being driven by environmental factors and significantly affecting local biomes, it
can also result in cause–effect loops with a direct impact on global climate and ecology [6,12].
For instance, the greening elicited by snow cover reduction accentuates radiation exchanges,
leading to faster snowmelt and reduced snow cover, which, in turn, not only continues to
increase greening, but also reduces the amount of melt water available for the plants during
their growing stages [13,14]. Hence, at a critical, tipping point, vegetation productivity
can decrease, negatively impairing the biodiversity of the affected regions, which may
experience accelerated rates of extinction for local species [12]. Such a decrease in vegetation
productivity can also negatively reinforce climate changes by reducing the landscapes’
reflectance (albedo) and subsurface thermal insulation [13,15].

To effectively tackle the complexity of these scenarios and their climatological and
ecological ramifications, it is necessary to further the current understanding about the
underlying photobiological mechanisms of those fundamental processes. Viewed in this
context, the in silico experimental framework employed in this investigation can also be
seen as a predictive platform to be used to complement in situ and remote observations and,
consequently, expedite the hypothesis generation and validation cycles of future research
initiatives on this timely and far-reaching scientific topic.

5. Conclusions

In this investigation, we conducted controlled in silico experiments to systematically
examine the impact that environmentally elicited changes in key snow characteristics,
namely thickness, saturation, density and grain size, can have on the spectral quality of
transmitted PAR, quantified in terms of R/B, R/FR and B/FR spectral ratios. Our findings
brought out specific trends associated with independent and concomitant changes in the
examined nivological characteristics. In particular, they indicate that, while an increase
in density accompanied by an increase in grain size can lead to a transmittance increase,
an increase in density alone results in a transmittance decrease. These different behaviours
have been overlooked in the related literature.

Our findings also suggest that the concomitant changes in snow thickness, saturation,
density and grain size that take place during snow melting and settling processes affect the
examined spectral ratios associated with the transmitted PAR. Furthermore, the net effect
of their influence in the spectral quality of the transmitted PAR tends to favour an increase
in the productivity of subnivean vegetation. More specifically, the outcomes of in silico
experiments provide tangible elements that can be incorporated into large scale studies,
involving both field and remote observations, on the feedback effects of greening in the
ecology of high latitude and high altitude regions, more affected by increasing warming
conditions, and in the global climate. As future work, we plan to extend our investigation to
snow-vegetation interactions occurring in regions more exposed to climate altering factors
prompted by human activities such as the burning of fossil fuels and industrial pollution.
We also believe to be worthwhile to explore the ramifications of our investigation from a
distinct perspective involving the calculation of indices such as SWE.

As any in silico investigation, the outcomes of this work are still subject to in situ
confirmation as measured hyperspectral transmittance data for snow becomes available. We
remark that the use of a predictive first-principles in silico framework was also prompted
by the scarcity of measured snow transmittance data. This brings out an important issue,
the need not only for more measured data, but also for data of good quality, i.e., radiometric
data with a fine spectral resolution, properly measured (e.g., with negligible disturbances
to the snowpack) and accompanied by a detailed description of the target snowpack and
the measurement conditions. We believe that the pairing of data obtained through in situ
experiments and remote sensing observations with in silico data obtained through high-
fidelity simulations can be instrumental for advancing the current knowledge about snow
and vegetation interactions. This, in turn, is essential for increasing the effectiveness of
procedures and technologies aimed at the monitoring and management of adverse climate
effects on the planet’s ecological sustainability.
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Appendix A

We remark that we considered real snow samples, namely SISpec samples 6 and 195,
as references to guide the selection of parameter values used in the characterization of the
virtual Samples A and B respectively. For each of the selected SISpec samples, general
nivological information and a snow profile diagram are available in the SISpec database
alongside the measured reflectance datasets [36].

To select the parameter values presented in Table 1, we initially consulted the nivologi-
cal information provided in the SISpec database for the SISpec samples 6 and 195, and then
their respective snow profile diagrams. It is worth noting that some inferences needed to be
made. For instance, the thickness reported as general nivological information about a given
sample corresponds to its top layer. In the case of SISpec sample 6, although its general
nivological information indicates that it is only 5 cm thick, the examination of its profile
diagram indicates that there were several additional layers of snow beneath its top layer.
This aspect was also confirmed by the SISpec leading administrator [80]. Thus, for Sample
A, we elected to use a thickness of 18 cm, which includes the four uppermost layers of the
SISpec sample 6.

The information provided in the SISpec samples’ snow profiles was also used to steer
the selection of values for other parameters such as density, grain size and temperature.
Again, for Sample A, its density was set to 360 kg/m3, which corresponds to an intermediate
value among the distinct density values reported for the layers forming SISpec sample 6.
We also considered relatively small grain sizes for Sample A since the upper three layers of
SISpec sample 6 did not contain any larger particles. Regarding the temperature assigned
to Sample A, we note that besides the environmental (air) temperature provided as general
nivological information, the samples’ in-snow temperature is also indicated in the snow
profile diagrams provided in SISpec database. For SISpec sample 6, the environmental
temperature was reported to be −4.3 ◦C, while the in-snow temperature indicated in its
profile diagram varied between approximately −6.8 ◦C and −8.5 ◦C. We elected to use
an intermediate value of −8 ◦C for the temperature of Sample A when conducting our
in silico experiments.

A similar procedure was followed for the selection of parameter values used in the
characterization of Sample B (associated with SISpec sample 195). In the case of the SISpec
sample 195, its corresponding profile diagram indicates that the total thickness of all
of its layers was 10 cm. Accordingly, we used this value for the thickness of Sample B.
Furthermore, the SISpec sample 195 had a top layer containing 80% rounded forms that
were 0.5 mm-sized crystals and 20% irregular crystals that were 0.8 mm in size. The second
layer contained large rounded grains (0.8 mm), while the third layer contained small
rounded grains (0.5 mm). Thus, we elected to use a relatively large range of grain sizes
(Table 1) for Sample B. Also, its density was set to 340 kg/m3, which corresponds to the
density of the thickest layer of SISpec sample 195. Lastly, the temperature of Sample B
was set to −3 ◦C. We note that this value is within the range of the in-snow temperatures
indicated in the profile diagram of SISpec sample 195. These varied between approximately
−2.8 ◦C and −4 ◦C.
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