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Highlights

* Snow thermal inertia reflects the status of the snowpack evolution;

* An empirical regression model is presented for mapping snow density from thermal inertia;

e This study can pave new perspectives in remote sensing of the cryosphere.
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Abstract

Snow, as a fundamental reservoir of freshwater, is a crucial natural resource. Specifically,
knowledge of snow density spatial and temporal variability could improve modelling of snow
water equivalent, which is relevant for managing freshwater resources in context of ongoing
climate change. The possibility of estimating snow density from remote sensing has great
potential, considering the availability of satellite data and their ability to generate efficient

monitoring systems from space.

In this study, we present an innovative method that combines meteorological parameters,
satellite data and field snow measurements to estimate thermal inertia of snow and snow
density at a catchment scale. Thermal inertia represents the responsiveness of a material to
variations in temperature and depends on the thermal conductivity, density and specific heat
of the medium. By exploiting Landsat 8 data and meteorological modelling, we generated
multitemporal thermal inertia maps in mountainous catchments in the Western European
Alps (Aosta Valley, Italy), from incoming shortwave radiation, surface temperature and snow
albedo. Thermal inertia was then used to develop an empirical regression model to infer snow
density, demonstrating the possibility of mapping snow density from optical and thermal
observations from space. The model allows for estimation of snow density with R%cy and
RMSEcy of 0.59 and 82 kg m~3, respectively. Thermal inertia and snow density maps are
presented in terms of the evolution of snow cover throughout the hydrological season and in
terms of their spatial variability in complex topography. This study could be considered a first
attempt at using thermal inertia towards improved monitoring of the cryosphere. Limitations

of and improvements to the proposed methods are also discussed.
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This study may also help in defining the scientific requirements for new satellite missions
targeting the cryosphere. We believe that a new class of Earth Observation missions with the
ability to observe the Earth’s surface at high spatial and temporal resolution, with both day

and night-time overpasses in both optical and thermal domain, is currently missing.
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1. Introduction

Snow density is a key physical property of the snowpack (Bormann et al., 2013) and relevant
to various facets of snow research, encompassing snow load estimation, avalanche prediction,
energy balance, climate models and snow hydrology applications (e.g., Melgysund et al., 2007;
Hirashima et al., 2009; Jonas et al., 2009; Koren et al., 1999; Livheh et al., 2010; Sturm et al.,
2010; Bormann et al., 2013). In particular, the detection of snow density and snowmelt phases
is valuable information in the Alpine environment, since it is well known that snow is a
fundamental reservoir of freshwater in downstream valleys, especially in the mid-latitudes
(Immerzeel et al., 2020). Knowing the spatial and temporal variability of snow density in
mountainous regions could allow better modelling of the snow water equivalent, vital for
managing freshwater resources under changing climate (e.g., McCreight and Small, 2014;

Raleigh and Small, 2017).

Snow is a three-phase medium composed of ice, liquid water and air. Conceptually, it is
possible to distinguish two fundamental periods during the snow season: accumulation and
melt. The accumulation period features the interplay of snowfalls, generally characterized by
dry and low-density snow, followed by compaction and metamorphism processes. The
snowmelt period can be defined as the timeframe when warming, ripening and output
processes occur within the snowpack, with rising liquid water content and increased snow
density (Dingman, 2015; Arenson et al., 2015; Oke, 1987). Overall, snow density affects the
thermal and mechanical properties of the snowpack. It is widely recognized that snow density
shows a significant temporal and spatial variability in response to meteorological drivers (e.g.,

solar radiation), as well as topographic attributes (e.g., elevation and slope) and to overall
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geographic context (Melgysund et al., 2007; Jonas et al., 2009; Mizukami and Perica, 2008;
Svoma, 2011; Onuchin and Burerina, 1996; Griinewald et al., 2010; Sturm et al., 2010; Lastrada
et al., 2021; Valt et al., 2018). To date, spatial and temporal patterns of snow density are
inferred using various methods, including field measurements, modelling and remotely

sensed data (e.g., Broxton et al., 2019).

Remote sensing provides a unique opportunity to estimate snowpack properties in space and
time by exploiting different spectral domains (Konig et al., 2001; Dozier and Painter, 2004).
Specifically, extensive efforts for retrieving snow density were performed using both active
(Shi and Dozier, 2000; Snehmani et al., 2010; Thakur et al., 2012) and passive microwave
remote sensing, thanks to the ability of the radiation at longer wavelengths to propagate
through the snowpack (Champollion et al., 2018; Lacroix et al., 2009; Lemmetyinen et al.,
2016; Naderpour et al., 2017; Roy et al., 2017; Schwank et al., 2015; Schwank and Naderpour,
2018). However, it is still a great challenge to obtain accurate estimates of snow density from
these remote sensing methods. Instead, optical and thermal data are traditionally used to
estimate near-surface snow characteristics, rather than snow density. Numerous studies have
demonstrated the ability to detect snow cover extent, grain size, surface albedo, liquid water
content, light-absorbing particles, snow surface temperature and spectral emissivity
(Bormann et al., 2018; Dozier and Painter, 2004; Green et al., 2002; Kokhanovsky et al., 2018;
Painter et al., 2013; Skiles et al., 2018; Aubry-Wake et al., 2015, Hori et al., 2013, Bohn et al.,
2022). Recently, Colombo et al., (2019), demonstrated the possibility of using optical and

thermal data to compute thermal inertia and to estimate snowpack density.

Thermal inertia is defined as a measure of the medium admittance to temperature changes.

It depends on density, thermal conductivity and specific heat of the material and it is
5
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expressed in J m? K1 s%> units. Thermal inertia governs surface temperature variations and
measures the medium thermal response to diurnal (or annual) heat flux variations (e.g.,
Carlson et al., 1981). Regarding snow surfaces, light penetration and heat fluxes can vary at
daily and seasonal scales, according to snow conditions. The incident solar radiation that
penetrates the snowpack is absorbed and scattered by snow grains within approximately the
top ten to twenty centimetres, the depth at which the penetrating radiation extinction is
almost 99% (Libois et al, 2013; Fukami et al, 1985; Zhong et al, 2017; Perovich, 2007; Jarvinen
et al, 2011; Kokhanovsky, 2022). Daily surface temperature variations propagate heat into the
snowpack to a depth of approximately fifty centimetres (Oldroyd et al, 2013), although during
the melting season, this depth can be even greater. Colombo et al. (2019) introduced a
theoretical model to compute snow thermal inertia (Ps) and demonstrated the potential of
the so-called apparent thermal inertia (APs) to detect snowmelt dynamics and the snow
density of the snowpack. Unlike thermal inertia, APs can be estimated using remote sensing,
typically starting from the knowledge of incoming radiation, shortwave albedo, and surface
temperature difference between day and night (Price, 1980; Xue and Cracknell, 1995; Sobrino
et al., 1998). Apparent thermal inertia has been successfully exploited in various applications,
regarding surface planetary geology, urban heat island and soil moisture detection (e.g., Ait-
Mesbah et al., 2015; Brenning et al., 2012; Putzig and Mellon, 2007; Wang et al., 2010, Short
and Stuart 1982; Minacapilli et al., 2009, Maltese et al., 2013; Van Doninck et al., 2011, Murray
and Verhoef 2007). However, for cryosphere monitoring, it is still in the early stages albeit
with considerable potential. Indeed, as in the case of soil applications where thermal inertia
is used to infer moisture content within the soil profile (e.g., Van Doninck et al., 2011, Nearing
et al., 2012, Paruta et al., 2021), for snow applications, thermal inertia is expected to provide

information on the snow density of the snowpack (Colombo et al., 2019).
6
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To date, the possibility of mapping snow density at the catchment level in mountainous
terrains using thermal inertia from spaceborne measurements is limited. Satellites providing
optical and thermal data with high revisit time (e.g., MODIS/VIIRS) have low spatial resolution
while those with high spatial resolution (e.g., Landsat) have low temporal resolution and do
not provide regular night-time measurements. New perspectives can be provided by some of
the upcoming satellite missions, such as the Copernicus Land Surface Temperature Monitoring
(LSTM), the Surface Biology and Geology Thermal Infrared (SBG TIR) and the Thermal infraRed
Imaging Satellite for High-resolution Natural resource Assessment (TRISHNA). The possibility
of exploiting snow thermal inertia for snow density monitoring may indeed open new frontiers
in the remote sensing of the cryosphere. To our knowledge, the only qualitative consideration
of the spatial variability of the apparent thermal inertia of snow in hydrological basins has
been deduced by Short and Stuart (1982) in the framework of the NASA Heat Capacity

Mapping Mission.

In this context, we propose a novel approach to obtain thermal inertia and snow density maps
from multitemporal Landsat-8 data, meteorological parameters and snow field
measurements in Alpine catchments sited in the Western Italian Alps. Our rationale is that
since changes in snow density occur continuously in the snowpack, spatial and temporal
patterns of thermal inertia could theoretically reflect snow dynamics. Thermal inertia was
empirically related to in situ manual measurements of snow density to demonstrate the
possibility to monitor snow density at catchment level from optical and thermal observations.
This study may be considered a first attempt at using the remote estimation of thermal inertia
to understand the evolution of the snowpack and the snow density variability in complex

topography, hence supporting improved monitoring of the cryosphere.
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2. Material and methods

2.1 Study area, dataset and method overview

The study area is sited in the Aosta Valley in the Western Italian Alps (Figure 1). It includes
four catchments, covering a total area of ~140 km? with a rather significant altitudinal gradient

(1956 to 4119 m, asl), complex morphology and variable meteorological conditions.

Altitude
(m.a.s.l.)

293

0 10 20 km A
[
4807 &

Density manual measurements
1 ®2 @3 Cervino 4478 m.a.s.l.
A
* AWSs
C
i;l - -—.
p : 3
Q ) Y (]
G
Jor 0

Figure 1: Investigated catchments (Valpelline, P; Gressoney, G; Cervinia, C and Val Tournenche, T) depicted on the
Digital Elevation Model of the Aosta Valley. Red dots indicate the locations of in situ snow density measurements
with dot size proportional to their abundance; green asterisks identify the positions of the Automatic Weather

Stations (AWS) used for comparison purposes (Torgnon, Tor, Cime Bianche, CM and, Valpelline, VP stations).
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All basins are mainly located above the treeline (approximately 2000 m asl): forest cover is
absent or negligible in all basins. Slopes steeper than 60° occupy on average less than 5% of
the four investigated catchments. Maximum snow depth at the end of the accumulation
season (April-May) can range from 1.5-2.5 m at lower elevations (2000 m asl) to as much as
4-6 m at the highest elevations (4200 m asl, Avanzi et al 2021). Mean winter air and dew point
temperature at 2000 m asl (Tor AWS, see Figure 1) are -2.8 + 4.6 °C and -10.6 + 5.27 °C,
respectively (daily mean + daily std.dev.) and -8.30 + 4.85 °C and -15.4 + 5.92 °C, respectively

at 3100 m asl (CM AWS, see Figure 1).

To understand the snowpack evolution from accumulation to melting, we selected different
days representing different snow hydrological conditions for which a simultaneous
combination of snow density in situ measurements and cloud-free satellite images were
available; the investigated period covers six days from the 2014/2015 to 2019/2020

hydrological seasons.

For this study, we exploited six Landsat 8 OLI (Operational Land Imager) and TIRS (Thermal
Infrared Sensor) Collection 2 images acquired between January and May (Table 1) at 11.30
a.m. Satellite data were gathered from the USGS website and used to compute the surface

albedo (o, dimensionless) and to exploit the Collection 2 surface temperature product (Ts, K).

Meteorological data provided by fifteen Automatic Weather Stations (AWS) distributed
outside and within the catchments, were used to obtain incoming shortwave radiation (SWin,
W m?2) and night-time dew point temperature (Td, K) maps. We also used three additional

stations, namely Valpelline (VP, 3100 m), Cime Bianche (CM, 3160 m) and Torgnon (Tor, 2150
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m), equipped with CNR4 (Kipp and Zonen) net radiometers, for validation purposes (Figure

1).

A total of twenty-six snow density measurements (p, kg m3) were manually collected at
different sites and on different days during snow water equivalent campaigns devoted to
water resource monitoring programs run by regional authorities and hydropower companies.
The location of in situ snow measurements are shown in Figure 1. Data were sampled in snow
pits with horizontal snow samplings at fixed depths. Each snow pit falls within a different
Landsat pixel. In this study, we considered both the snow density of the upper 30 cm and the
bulk density of the whole snowpack. Table 1 reports the main snow characteristics derived

from field surveys sampled in correspondence with the Landsat 8 overpasses.

Table 1 Landsat 8 images used in this study and main information on snow characteristics from field

measurements.

Snow density Snow density Snow Abundance

Landsat :

images range 30cm range snoyvpack depth of field

(kg m3) (kg m3) range (cm)  samples (n°)

10/05/2015 415-615 415-615 96-320 3

13/04/2017 300-485 314-505 70-390 10

29/01/2019 230-270 322-364 130-220 2

16/01/2020 260-330 297-335 65-180 5

04/03/2020 173-300 302-390 95-155 3

05/04/2020 313-455 408-410 53-142 3

This combination of input data allowed us to design an innovative approach to compute
thermal inertia at catchment level and to infer snow density by developing an empirical
regression model between apparent thermal inertia and surface/bulk snow density. Figure 2

shows an overview of the approach workflow, which is fully explained in the next sections.

10



191

192

193

194

195

196

197

198

199

200

201

202

203

Landsat 8 TIRS AWSs-Meteo 10 Landsat 8 OLI

Day-time surface Night-time Shortwave
. . . o Surface Albedo

temperature dew point incoming radiation ()

a

(Ty) temperature (Ty) (SW;p)
Temperature
difference
(AT)

Apparent Thermal Inertia (APs)

a

Snow density maps (p)

Figure 2: Overview of the approach used to generate snow density maps.

2.3 Retrieval of snow albedo and temperature from Landsat data

Snow surface albedo was computed for all the catchments from the Landsat 8 OLI images. To
retrieve surface reflectance from Top of Atmosphere (TOA) radiance data, we used the
ATCOR4 (Atmospheric and Topographic CORrection) software (Richter and Schlapfer, 2015),
by defining an ad-hoc configuration for Landsat imagery. This code corrects imagery for
atmospheric and adjacency effects and to normalise the impact of topography, which might
be significant in rugged terrain. For this purpose, we incorporated an accurate Digital Elevation
Model (DEM) with 10 m spatial resolution. Shortwave surface albedo was computed without
considering the anisotropy of the snow surface reflectance. The narrow-to-broadband

conversion was conducted starting from reflectance data by using standard formulation

11
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developed for Landsat 5/7 data (Liang et al, 2001) and previously exploited for snow

applications with OLI images (Naegeli, et al., 2017; Ren et al., 2021):

a = 0.356b, + 0.130b, + 0.373bs + 0.085b, + 0.072b, —0.0018 [-] (1)

where b, represents the spectral channel number of Landsat 8 reflectance data [i.e., b, (0.452-

0.512 pum), bs (0.636-0.673 um); bs (0.851-0.879 um), bs (1.566-1.651 um), by (2.107-2.294

um)].

Albedo values higher than 1 were filtered out in the following analyses. These pixels accounted

for 1% of the scene in May 2015 and 4% in January 2019 and 2020.

Landsat 8 day-time surface temperatures (Ts) used in this study correspond to the standard

surface temperature product, obtained by the Landsat Single-Channel v1.3.0 algorithm.

Landsat shortwave broadband albedo and daily surface temperature maps were compared
with data recorded by AWS stations and their quality was evaluated in terms of coefficient of

determination (R?) and root-mean-square error (RMSE).

2.4 Generation of the shortwave incoming radiation and night-time surface

temperature maps

Meteorological input data at a spatial resolution comparable with OLI data, namely air
temperature (Ta), relative humidity (RH) and incoming shortwave radiation (SWi,) were

produced with the meteorological pre-processing library MeteolO (Bavay and Egger, 2014).

12
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The MeteolO numerical library retrieves, filters and spatially interpolates meteorological data
coming from nearby AWS stations belonging to the regional weather network. For each
catchment, five to seven stations were used. All the meteorological variables were spatially
interpolated with an inverse distance-weighting algorithm. Regarding Ta and RH, a lapse rate
with elevation was also applied (Bavay and Egger, 2014). All these maps have been computed
at different times of day and night (i.e., at a 1-hour step) in correspondence with the Landsat

acquisition dates.

Daily mean SWj, maps in the 305-2800 nm spectral range were obtained by averaging all

hourly radiation values greater than 20 W m, as suggested by Wang and Liang (2009).

In the absence of night surface temperatures at the desired spatial scale, we tested the option
of approximating night-time snow surface temperature with dew point temperature (Td), as
proposed by Raleigh et al. (2013). Td is the temperature to which air needs to be cooled to

become saturated with water vapour and it indicates how much moisture is in the air:

c[ln (RH) + lfTa ]
= ¢tal o 2
b—In (RH) —iTTaa c] @

d

where, RH and T, are the relative humidity and air temperature at different time of the night,

respectively. The empirical coefficients b and ¢ were set as indicated in Raleigh et al. (2013).

Andreas (1986), firstly proposed the use of the dew point temperature for approximating
snow surface temperature. The physical reason for this approximation is that snow cover is a
saturated surface, such that the vapour pressure of air close to the surface equals the

saturation vapour pressure. Air reaches saturation at Td, and the saturation vapour pressure

13
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is a function of Ts alone; thus, Td close to the snow surface is in equilibrium with Ts. Raleigh
et al. (2013) demonstrated that Td is a reliable approximation of Ts, especially during night-
time and at locations and times where turbulent mixing occurs frequently, such as in Alpine

areas.

To understand the time at which Td best approximates surface temperature, we evaluated
the robustness of the relationship between Td and surface temperature at different hours of
the night, by performing a correlation analysis starting from the data recorded at the three
AWS. We considered all the 2017-2020 hydrological seasons and we computed R?, mean bias
and RMSE. Multitemporal maps of night-time Td at the selected time were finally produced

using Eq. 2.

2.5 AT computation

The difference in surface temperatures was computed by combining night-time Td, derived
from meteorological modelling, with daily surface temperature derived from Landsat TIRS
data (AT = Ts — Td). In some cases, we found negative AT values (i.e., day-time temperature
was lower than night-time). In these cases, the pixels corresponding to these specific
conditions were discarded in the rest of the analyses. Overall, these pixels accounted for about
1% of all the images, except for 2019 January 29, where we found that about 50% of the

pixels had negative AT values.

14
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2.6 APs and snow density maps

Thermal inertia APs was computed using the solution of the one-dimensional thermal
diffusion equation as suggested by Xue and Cracknell (1995) and used in Colombo et al. (2019)

for snow applications:

_ (1-a) SWyy, Aq[cos (wty—61) —cos (wtq—61)]

APs = — [Jm2K1s03]  (3)
AT(tz_tl)\/a 1+E+W

where,

a = shortwave albedo [—];

SWin = incoming shortwave radiation [W m™2] averaged in day-time hours;

Ajandb = coefficients of first-order approximation of the Fourier series, which depends
on latitude and solar declination and azimuth, computed according to Xue and
Cracknell (1995);

w = Earth's rotation angular velocity [7.2921150 x 10”° rad s™1];

61 = phase difference between surface temperature and shortwave incoming
radiation, [rad]. §1=wtmax=3.794, with tmax=14:30

AT = surface temperature difference between the night-time and the day-time

temperatures measured at times t; (04:00) and t; (11:30), respectively [K].

Besides w, b and &3, all the other parameters of Eq. 3 change in space and time. The A; values
range from 0.15 to 0.48, while the b parameter value is equal to 3.298. APs maps were

15
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computed for all snow-covered pixels, except for those discarded for anomalous (negative)
AT and albedo values higher than 1 (NoData). Maps of snow cover were obtained by applying
a threshold on the Normalised Difference Snow Index (NDSI) (Hall et al., 1995). A NDSI
threshold higher than 0.6 was selected by visual inspection of the histogram distribution and
then applied to each image to define snow-covered and snow-free pixel masks (NoSnow).
Although a threshold of 0.4 is considered standard for generating snow cover maps, its
spatial/temporal representativeness at local scale is debated and different values may be used

(Harer et al., 2018).

The relationship between APs maps and manually measured surface and bulk snow density
was finally derived by a regression analysis. We averaged AP values within 3x3 pixels centred
on corresponding snow density field measurements, to reduce systematic errors due to
geolocation uncertainties. The relationship between thermal inertia and snow density was
established using inverse ordinary least squares (OLS) regression techniques and evaluated in
terms of R and RMSE. Using the OLS technique, we calibrated the so-called “inverse form” of
the empirical relationship. In particular, we employed the snow density variable as predictor
X and thermal inertia as the dependent variable Y to estimate the OLS coefficients. The
validation of the OLS model was performed with the K-fold approach splitting the dataset into
8 subsets. Then the model was fit using 7 subsets, as the training set and the validation was
conducted using the omitted subset. The performances of the model were evaluated in terms
of cross-validated coefficient of determination (R%cv) and cross-validated root mean square

error (RMSEcy).

The developed empirical regression model was exploited to produce multitemporal maps of

surface snow density in the four catchments. APs and snow density maps were mainly
16
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interpreted by considering the accumulation (January) and melting periods (May) and
considering their spatial patterns and meteorological conditions. We also discussed the spring
season (i.e., March and April), where both conditions may coexist and snow thermal inertia

and density can exhibit high spatial variability.

3. Results and discussion

3.1 Shortwave incoming radiation maps

The SWi» maps generated with MeteolO on 16 January 2020 and 10 May 2015 and the
corresponding frequency histograms of the investigated catchments are shown in Figure 3. As
expected, the incoming radiation shows variability over time, with low SWi, values during the
winter months in the accumulation period (shorter duration of daily solar illumination) and
maximum values reached in spring during the melting season. Besides the seasonal evolution
of incoming radiation, Figure 3 also shows the effect of aspect: south-exposed slopes receive

a higher amount of solar radiation compared to north-exposed ones.

17
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Figure 3: Spatial and temporal variability of solar irradiance during the accumulation period (January) and the
melting phase (May). Black (i.e., NoSnow) represents no snow pixels, while white ones (i.e., NoData) have no
values. The histograms describe the value distribution (the frequency is expressed from 0 to 1) during these two

periods, for all the investigated catchments.

Each of the selected dates were characterized by clear sky throughout the day, and during
March and April, we found consistent incoming solar radiation values, coherent with AWS

measurements.

3.2 Spatial and temporal variability of snow albedo

The snow albedo maps and related histograms for the two periods are shown in Figure 4.

18
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Figure 4: Spatial variability of snow surface albedo during the accumulation period (January) and the melting
phase (May). Black represents no snow pixels, while white ones have no albedo values. The histograms describe
the values distribution during these two periods for all the investigated catchments (the frequency is expressed

fromOto 1).

As expected, we observed that albedo decreases from January to May with histograms
showing a distribution that is the consequence of local snow conditions during accumulation

and melting seasons.

During winter, the highest albedo values are related to fresh snow and continuous snowfalls
that typically occur at higher elevation in the study area. Low albedo values may also occur:
these can be associated with either old snow or dirty snow at the bottom of the valley, where

snow conditions might be also affected by human activity.
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Average albedo values in May are lower compared to the winter season due to snow ageing,
potential light absorbing particles and changes in grain size (Painter et al., 2013; Di Mauro et
al., 2019; Hadley and Kirchstetter, 2012, Libois et al, 2013; Fukami et al, 1985; Kokhanovsky,
et al., 2021). Over the season (i.e., from March to April), we encountered intermediate and
variable albedo values, with high spatial variability within the catchments. The number of
pixels discarded due to anomalous surface albedo values was very small. These pixels
correspond mainly to fresh snow and the anomalous values are probably due to defective
atmospheric/topographic correction and the empirical weighting parameters used in narrow-

to broad-band conversion.

Overall, our interpretation of albedo might suffer from having considered snow reflectance as
Lambertian, while the anisotropy of snow reflectance might also be responsible for albedo
variations across the scene (e.g., variable slopes, aspects and snow impurities) (Dumont et al.,
2010). The shadowing effect also introduces further uncertainties in snow albedo estimation.
Figure 4 shows a bimodal behaviour, where low albedo values are related to snow surfaces
sited on terrain which was mainly shadowed during the satellite overpass. Although cast
shadows were considered in the atmospheric correction process, the results highlight the
need to improve terrain-based shadow correction for future applications. This applies
particularly to images acquired when solar irradiance is minimal and shadows are maximal,

such as the January data in this study.

We found a coefficient of determination equal to 0.41 when comparing albedo estimates with
albedo measurements in AWSs located at CM, VP and Tor sites (Figure 5). The scattering found
in this comparison could be explained by the heterogeneity of snow surface properties within

the spatial resolution of Landsat-8 data and considering that the snow albedo was computed
20



366  without taking into account the snow anisotropy. The largest errors are identified for fresh
367 snow conditions (e.g., in January) and they are conceivably related to marked anisotropy

368  effects for increasing illumination angles (Dumont et al. 2010).
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370 Figure 5 Comparison between surface albedo derived from Landsat data and albedo recorded at the AWs

371

372  Insummary, the comparisons of AWS data across seasons and sites might be compromised by
373  changesin snow albedo due to snow properties and sun-target-viewing geometries, the latter
374  being particularly variable in this complex topography. Similar broadband albedo comparison
375 conducted in more homogeneous areas (e.g., the Greenland Ice Sheet) resulted in fact in a

376  greater consistency between satellite retrievals and AWS data (Kokhanovsky et al. 2019).

377

378
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3.3 Spatial and temporal variability of snow AT

Before computing the surface temperature difference maps, we evaluated the quality of the
day-time temperatures provided by Landsat TIR (Figure 6) and the strength of the correlation

between dew point temperature and surface temperature at night (Figure 7).

Despite a slight underestimation, Figure 6 shows a good correspondence between snow
temperature measured with the AWS and satellite temperature (R?> = 0.87; RMSE = 2.71 K),
suggesting the high quality of the Landsat TIR data for snow surfaces. The deviation of a single
measurement (i.e., CM, May 2015) from the 1:1 line is likely associated with snow patches

caused by wind effects, causing a mixture in Landsat pixels.
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Figure 6: Comparison between snow surface temperature and Landsat snow surface temperature at Cime Bianche

(CM), Torgnon (Tor) and Valpelline (VP) AWSs. The closest pixel to the station was taken into account.
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The Td that best approximates night-time temperature was that measured at 04.00 a.m. We
found a significant linear relationship between surface temperature and Td at 04.00 for all the
AWSs (e.g., R?=0.69 and RMSE = 3.4 K at the Torgnon site, data not shown). Figure 7 shows

the agreement between the night-time Td and the corresponding surface temperature

recorded at the three AWS stations for the six selected days.
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Figure 7: Comparison between night-time dew point temperature and surface temperature recorded at the AWs

Figure 7 shows a large scatter between dew point and snow surface temperature, with results
worse than those obtained with Landsat data. According to Raleigh et al. (2013), Td
approximates Ts best when there is high wind shear (i.e., unstable boundary conditions) and
when there is no vapour pressure gradient between the near-surface atmosphere and the
snow surface (i.e., no sublimation or condensation). Although these conditions frequently
occur in the investigated catchments, the discrepancy in Figure 7 could be due to a local

variability of near-surface atmospheric stability, indicating the weakness in using the dew
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point temperature instead of the surface temperature. Although the dew point temperature
is not the surface temperature and is not exactly computed at the time when the minimum
surface temperature occurs (i.e., around 06.00 a.m. in these areas), we believe that Td is a
useful approximation and provides an indication of the nigh-time minimum temperature to
be used to generate the AT maps. From Figure 7, we can also infer that errors in AT may vary
in space, with different impact on the APs maps. For example, in April 2020, we can expect
APs overestimation at the Torgnon site located at a lower elevation and underestimation of
APs at Cime Bianche, sited at a higher elevation. A preliminary Monte Carlo analysis (10000
samples) was performed to propagate day/night temperature uncertainties on AT,
considering the range of variability in our data and the RMSE obtained in Figures 6 and 7.
Under this condition, we found a AT uncertainty of 51.4 % and a standard deviation of 4.7 K.
However, these errors result from the use of dew point temperature and we are confident

that by using satellite data, performance will improve.

The spatial and temporal patterns of AT in the accumulation and melting periods and the

related histograms in the investigated catchments are shown in Figure 8.
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Figure 8: Spatial and temporal variability of snow surface temperature difference during the accumulation period
(January) and the melting phase (May). Black represents no snow pixels, while white ones have no AT values. The
histograms underline the values distribution during these two periods for all the investigated catchments (the

frequency is expressed from 0 to 1).

As expected, surface temperature differences decrease over time and values are coherent
with those computed using the AWs (data not shown). This result is also consistent with those

achieved in previous investigations (e.g., Oesch et al., 2002).

The observed AT spatial patterns are most likely to be the result of the complex interplay
between the variability in small-scale meteorological drivers and topographic factors, such as
slope and aspect. For example, it is possible to find local snow melting in winter or abundant
snowfalls with low temperatures in spring. For this reason, and considering the uncertainty in

the night-time temperature maps, the interpretation of AT is not straightforward.
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Overall, AT values are higher in January than in May. Snow temperatures are limited by 0 °C
and this explain AT decreasing through the season. In January, AT shows a higher spatial
variability with values that reach up to 30 K, in some cases. The highest values seem to occur
for fresh snow along the ridges, which are the first to be illuminated in the early morning. A
considerable dependency on altitude and aspects can be also noted. For example, at higher
altitudes, where we encounter fresh snow, the AT is generally higher. Spatial variability is also
related to snow exposure and shadowed slopes during the satellite overpasses. These are, in
general, north-facing slopes and they exhibit lower AT since they have received less solar

radiation.

Besides morphological effects, the local meteorological conditions during the night-day
transition affect the surface temperature differences. According to the AWS data, most of the
selected dates were characterized by clear sky conditions, both during the night (i.e., negative
radiation balance and strong radiative cooling) and during the day (i.e., positive radiation
balance). These are ideal conditions for thermal inertia estimation. However Pratt and Ellyett
(1979) showed that the reliability of APs estimation as a function of AT is of reduced
significance when AT tends to 0. In this study, we found negative and small AT values, which
may be the result of local night-day dynamics. For example, January 29%, 2019 was the only
night with overcast conditions (high incoming longwave radiation ~ 220 W m™, and high
relative humidity, ~ 85%, and thus low radiative cooling), cloud cover decrease at sunrise, and
clear sky conditions in the morning (inferred from the daily course of shortwave radiation).
This specific behaviour (i.e., night-day transition from overcast to clear sky) reduced the
surface AT to a small and negative values and introduced uncertainty to the estimation of
thermal inertia and snow density. Therefore, we discarded numerous anomalous pixels for
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January 2019. The APs values obtained at this time were slightly higher than those found in
January 2020. From the perspective of space remote sensing, we highlight here that particular
attention should be paid when night-time satellite acquisitions collected on cloudy nights are
used to compute thermal inertia. For satellite applications this points to the need for a backup
solution, also based on the dew point temperature, when images are affected by clouds. Small
AT values may also appear in the melting season, related to patchy snow, heterogeneous
pixels, freezing processes, presence of liquid water content and cloudy conditions. Overall,
the snow surface temperature difference depends on the two selected instantaneous
measurement times, meteorological conditions and heat exchanges occurring in the selected

timeframe.

3.4 Thermal inertia maps and snow density retrieval

The spatial and temporal behaviour of APs with the corresponding histograms is shown in

Figure 9.
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Figure 9: Spatial and temporal variability of snow thermal inertia during the accumulation period (January) and
the melting phase (May). Black represents no snow pixels, while white ones have no APs values. The histograms
underline the values distribution during these two periods for all the investigated catchments (the frequency is

expressed from O to 1).

During January, APs show a low spatial variability, with mean, median and mode values of 220,
170 and 80 J m2 K 59, respectively. Greater spatial variability and higher APs values were
found in May, where snow metamorphism quickly occurs and the appearance of liquid water
content on the surface of the snow can increase apparent thermal inertia (2970, 2660 and
1840 J m2 K s> for mean, median and mode, respectively). We can say, then, that lower APs
values are characteristic of the accumulation period, while the highest values are typical of
the end of the melting period during the output phase. During March and April, intermediate

values of APs ranging from 500 to 1500 J m2 K'* s> can be generally observed, indicating the
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transition between accumulation and snowmelt processes. In the meltwater output phase the
APs values increase. Higher APs values are often associated with uncertain AT estimates and,
as a whole, the range between 0 - 4000 J m2 K1 s represents the most appropriate interval

to exploit for snow density applications.

Figure 10 shows the variability of APs over time, according to altitude, aspect, and slope. In
the accumulation period, APs values remain within a narrow range of variability and they are
not related to the spatial distribution of the topographic parameters. APs values recorded in
January 2019 are higher than in January 2020 due to the particular night-time conditions. With
the beginning of the snowmelt, we can observe that the variability of APs is sometimes related
to the topographic parameters. Higher APs values can be found, for example, at a lower
elevation and on southern and steep slopes, indicating areas where melting may occur or
where snow accumulation does not take place. This is consistent with the pioneering
observations of Short and Stuart (1982) who argued that higher values of apparent thermal
inertia might define the extent of melting snow at the lowest elevations, while medium to low

values are likely to represent drier, colder snow at the highest elevations.
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Figure 10. Box plot of the APs as a function of elevation, aspect and slope classes for all the analysed dates. The central mark indicates the median, while the bottom and top edges of the box

indicate the 25th and 75th percentiles, respectively. The whiskers expand to the most extreme data points not considered outliers. Outliers are plotted individually using the '+' symbol.
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To examine the snow APs values in a broader context, we checked the behaviour of other
surfaces in May and we found values around 12400 J m2K s> for dam lakes and around 1200
and 1600 J m2K1s%> for rocks and alpine prairies, respectively. In summary, we showed for
the first time that snow APs spatial and temporal distribution can change during the season
and in different years, covering a wide range of values that can be exploited for snow
monitoring. APs maps resulted consistent with the APs estimated from AWS data (R? = 0.74,

data not shown).

A significant nonlinear relationship between APs and manually measured snow density was
found, considering both the upper layer of 30 cm (R? = 0.65, Figure 11a) and bulk values of
the whole snowpack (R? = 0.64, Figure 11b). Despite the uncertainty of the model, we can
reasonably state that APs increases with snow density, as Colombo et al (2019) found using

modelled data.
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Figure 11: Relationship between APs and surface snow density (upper 30cm, a) and with bulk snow density, b).

Colours indicate the different dates. Dotted lines indicate the confidence interval of the model. The error bars

represent the standard deviation obtained averaging APs values in the neighbourhood of the density

measurements.

Figure 12a shows the agreement between modelled snow density (Eq. 4) and measured snow

density using the K-fold cross-validation. The model allows the estimation of snow density

with R%cy and RMSEcy of 0.59 and 82 kg m™3, respectively.
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Figure 12 Comparison of the predicted and measured surface snow density (a) and bulk snow density (b)

The same analysis, considering the bulk snow density of the snowpack, provided a R%cy = 0.60

and a RMSEcy = 73 kg m™3, indicating the robustness of the approach (Figure 12b). Overall,

surface snow density and bulk snow density were highly linearly correlated (R? = 0.75, data

not shown).
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Surface snow density maps were therefore computed by inverting the regression model

shown in Figure 11a, according to the following equation:

1
_ APs 2527 k_g]
P= (0.0003044) [m3 )
Figure 13 shows the snow density maps obtained for January and May and the corresponding
histograms. Basically, the regression coefficients we found should be understood as valid only
within the snow density range measured in the present study, so that for Figure 13 we mapped

snow density only in the 0 - 650 kg m™3 range.
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Figure 13: variability of surface snow density during the accumulation (16/01/2020) and melting (10/05/2015)
seasons. Black represents no snow pixels, while NoData also includes surface snow density higher than 650 kg m™.
The histograms underline the values distribution during these two periods for all the investigated catchments (the

frequency is expressed from 0 to 1).
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Although spatial variations in snow density occur within the catchments in these two periods,
the seasonal variability is more pronounced. In January, in the accumulation period, the mean,
median and mode values are equal to 200, 190 and 130 kg m~3, respectively. During melting,
in May, snow density increases up to mean, median and mode values of 570, 560 and
480 kg m™3, respectively. For large APs values, the model produces erroneous estimates of
snow density and all pixels with snow density greater than 650 kg m™~3 should be taken with

caution or discarded.

Besides these two periods, where most areas are in accumulation or melting, in the spring
both processes may coexist and higher spatial variations in snow density can be observed.
Figure 14a and b shows, for instance, the magnitude of spatial and interannual variability in
snow density for the A-B transect in the Valpelline basin for all dates. For example, snow
density exhibits different values in April 2020, encompassing a range of snow conditions,
indicating areas where densification occurs differently. If we consider in the APs maps a
threshold of 500 J m2 K s%5 as a rough approach for distinguishing no melting snow and
melting snow, we can observe that in April 2020 both conditions exist and the areas of melting
represent 51% of the whole basin (Figure 14c). This simple threshold approach on APs may
therefore help to separate cold dry snow or no melting snow with density values lower than
300 kg m~3 and to identify areas with higher snow density where snow is in melting (Figure
14d). This approach would allow a direct comparison with dry/wet snow maps derived from
Synthetic Aperture Radar, such as Sentinel 1 (Marin et al. 2019) and Cosmo Skymed (Pettinato

et al. 2013).
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Figure 14 a) Altitudinal and aspect variability in a spatial transect in the Valpelline catchment; b) seasonal
variability of snow density across the different dates; c) map of no melting and melting pixels overlapped on DEM
and derived by applying a threshold (500 Jm?K1s%°) to the APs map of April 2020; d) boxplot of snow density for

all basins in April 2020.

Overall, we found significant temporal and spatial variability of snow density in the
investigated catchments. Snow density evolution follows a seasonal pattern involving a
gradual increase in snowpack density from winter to spring, when the maximum density is

reached as a result of the multiple processes driving snow densification (compaction,
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metamorphism, melt and refreeze cycles). This is consistent with the findings reported in
previous studies (Lopez-Moreno et al 2013; Jonas et al. 2009; Mizukami and Perica 2008;
Pistocchi, 2016; Pomeroy and Gray 1995), which showed the spatial and temporal variability
of snow density in response to different climatic regions and environmental factors. Although
previous studies have argued that the density spatial variability is relatively small in
comparison to snow depth (e.g., Mizukami and Perica, 2008), other studies have shown that
snow density varies at the meter scale (Fassnacht et al., 2010; Grinewald et al., 2010) and
caution should be taken when using density—time curves in mountainous regions (Bormann
et al., 2013). Therefore, the perspective to map snow density from space could allow
guantification of the spatial and temporal variability of snow in Alpine terrains in an

unprecedented manner and could help to drive snow water equivalent models.

4. Limitations and improvements

This study has great potential to be improved and we are still far from proposing this method
as an operational tool for estimating snow density using thermal inertia from space
measurements. Although there are various sources of uncertainty, for which further research
efforts are needed, the present approach represents a promising opportunity to map snow
density variability in space and time. Here, we are more interested in presenting the general
proof of concept and in demonstrating its potential, rather than developing or optimizing
retrieval methods for deriving the input parameters for computing thermal inertia or

suggesting new formulations of thermal inertia for snow purposes. All the input parameters
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and APs formulation are subject to uncertainties that affect the snow density estimates and

further studies are needed to consolidate this approach.

A source of uncertainty of Td and SWi, maps comes from the use of an interpolation model
from AWSs data. In our case, both interpolated dew point temperature and SWi, radiation
values were generally underestimated by the MeteolO model (data not shown) and this
resulted in erroneous APs values. Global reanalysis data (e.g., ERA5 from the European Centre
for Medium-Range Weather Forecasts, ECMWF) were discarded because of the coarse
resolution (~30 km), which is unsuitable for tracking fine-scale snow dynamics in Alpine
environments. Having frequent and high spatial resolution maps of meteorological
parameters in rugged terrain still represents an important challenge for the future. Current
downscaled reanalysis data (Di Mauro and Fugazza 2022) or spatially distributed snowpack
simulations of mass and energy exchange (e.g., Revuelto et al., 2018) could help in bridging
this gap. Accurate maps of incoming shortwave radiation are needed. Generally, when SWi,
tends to very small values, AT tends to small values as a consequence, although with some
temporal inertia. Furthermore, the geometric resampling introduced here may also be a
source of error due to the complex topography of the study area. We also point out here that
geolocation errors, due to the non-perfect spatial co-registration between the different

sources of input data, can affect the pixel per pixel estimation of thermal inertia.

Spectral reflectance maps were obtained from ATCOR4 code, which considers atmosphere,
sensor viewing geometry, terrain slope, shadowing and adjacency effects, which strongly
influence radiometry data in rugged terrain. Despite adopting a physical-based approach, the
estimation of ATCOR4-derived reflectance might benefit from a comparison with in situ

reference measurements to assess the uncertainties related to atmospheric and topographic
7
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correction. Surface albedo estimates were only partially in agreement with those recorded on
the ground from AWS. The assumptions underlying the narrow to broadband conversion,
neglecting anisotropy and not properly accounting for cast shadows within the topographic
correction process may explain the errors and uncertainties in the retrieved albedo. Different
methods have recently been proposed to correct the effect of complex topography on snow
spectral albedo (Picard et al. 2020). There is clearly a need to take into account the anisotropy
of snow reflectance for mapping spatial albedo over time due to the dependence of snow
reflectance on illumination-target-sensor geometry and snow properties (e.g., snow ages and
grain coarsens). Overall, a generalisation of the estimation of bidirectional reflectance and
snow albedo at high spatial resolution in complex terrain is still an open issue (Shuay et al.,

2020) and this represents a key point in thermal inertia computation.

Regarding the AT maps, some elements can introduce errors and the estimates could be
improved. Here, we are approximating the night-time surface temperature by the dew point
temperature and this introduces some uncertainty. Landsat data provide good estimation of
snow surface temperature during the day. Some inaccuracy may arise due to variable
emissivity, which is expected to change with snow metamorphism, although snow emissivity
is close to 1 (Hori et al 2006). The impact of topography on surface temperature can be more
relevant since, in rugged terrain, surface temperature changes according to the variability of
the atmospheric downwelling radiation (related to the local sky view factor) and from the
different contributions of the surrounding terrain radiation. Different studies have simulated
surface temperature over mountainous areas (Hais and Kucera, 2009; Dozier and Outcalt
1979; Malbéteau et al. 2017, Lipton 1997, Robledano et al. 2022, Firozjaei et al. 2020, Zhu et

al., 2020) and an accurate and operational method to retrieve surface temperature in
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mountainous areas, which takes topography into account, is necessary for improving snow
density estimates. It should also be noted that the measurements of surface temperature are
instantaneous and hence subject to local changes of meteorological conditions, especially in
mountainous terrain. Therefore, the interpretation of the surface temperature differences is
not always straightforward in case of snow applications. Snow temperature is limited by 0 °C
and, for example, a night-time dew point temperature close to freezing, could limit the
applicability of our method. Overall, when AT is small, APs is difficult to interpret in terms of
snow processes. Another point is the daily surface temperature mapping offered by Landsat,
whose observations at 11.30 a.m. do not allow the detection of the maximum peak of
temperature, which in this environment generally occurs in the early afternoon. It is likely,
therefore, that AT differences are underestimated and the overall result could be more
accurate if afternoon and minimum night-time measurements are considered. A simple
approach using a cosine correction method (Scheidt, et al., 2010) applied to soils to shift
surface temperature from 11.30 to 14.30 was also tested, but the difference in terms of APs
was very small. However, additional studies in this direction should be pursued for remote

sensing perspectives.

APs maps were obtained by using the first-order approximation Fourier series solution of the
heat transfer equation, under the hypothesis that surface temperature has a sinusoidal
behaviour. We previously tested this assumption at the point scale and sometimes, in the
output phase, it is not always satisfied. In addition, snow temperatures might rise to freezing
during warmer days later in the season, but be unable to get warmer because it is frozen, so
that in this case the use of APs loses significance. Corrective factors could be included in new

formulations of thermal inertia for snow applications, or the phase differences could be
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computed in different ways. We also tested other published formulations, including the
second-order approximations, without finding better results (data not shown). Overall,
several uncertain factors influence the accuracy of APs, and clear sky only at the time of the
data acquisition, is not sufficient for accurate estimates of APs. We should also consider that
thermal inertia describes the radiative regime in the upper snow layers only, so we expect a
diurnal oscillation within the first 50 cm. This may limit the characterization of the snow
density of the entire snowpack when using this approach. Moreover, the APs computed here
does not perfectly match the true inertia Ps, and although in the accumulation and warming
phases these quantities correspond, in the ripening and output phases they may differ when
rapid melting and refreeze processes occur (Colombo et al., 2019). The theoretical model of
Ps presented in Colombo et al. (2019) indeed predicts values from 100 J m2K1s0> for fresh
fallen snow up to 1000 J m2K*s0> for wet snow and it shows that the influence of liquid water
content has a weak effect on Ps. This range is consistent with the snow thermal inertia values
defined by Cheruy et al. (2017) and with those found in this study, although a large
overestimation may occur for water-saturated snow in the output phase. Overall, we found
that APs clearly evolved during the hydrological season, with a certain spatial variability
according to primary topographic parameters and driven by snow conditions. Particularly, APs
is mainly a function of snow density. Higher values of apparent thermal inertia (e.g., > 500 J
m2Ks0>) may help in defining the extent of melting snow, while medium and low APs values
are likely to represent drier snow. In general, the high APs range found in this study originally
indicates that snow is a highly time-varying system, covering a wide range of inertia and
encompassing typical values of dust, soils with different textures to higher values typical of
pebbles, crust and rocks (e.g., Cheruy et al., 2017; Putzig and Mellon, 2007; Minacapilli et al.,

2009; Sobrino and El Kharraz, 1999).
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Overall, the derived snow density maps exhibit coherent seasonal patterns, with high
variability during the spring and a certain variability according to the topography in the melting
period. Spatial and temporal snow density patterns are consistent with the findings of other
studies in similar contexts (e.g., Valt et al., 2018). However, the relationship between APs and
snow density depends on a series of factors, such as snow conditions, time and site
characteristics and needs to be locally calibrated. A better formulation of APs, which provide
the same values of Ps throughout the season, could exploit a physical model, rather than
empirical approaches, with the expectation of more satisfactory results in estimating snow
density. Moreover, we underline that the generated snow density maps are not fully validated
and further efforts should be made to evaluate the robustness of this approach and of the
final estimates in different geographic contexts. Furthermore, it should be also considered
that manual density measurements might also have uncertainties (Proksch et al., 2016) and
therefore, more samples and replicates would be needed. Nevertheless, while the
relationship we found could be improved, we believe that it can be considered significant (R%cy

=0.59 and RMSEcy = 82 kg m™3).

The remote estimation of thermal inertia may be a promising approach for estimating surface
snow density and we are not aware of previous studies which combine optical and thermal
data for the estimation of snow density. Further research could also concentrate on detecting
snow density in mixed pixels and under vegetation canopies, which are not considered in this
study. Patchy snow and heterogeneous pixels can produce erroneous APs values and hence
inaccurate snow density results. Synergies with microwave systems should be pursued in
these contexts, also to overcome issues related to cloud persistence and possibly to have

information about the density within the overall snowpack.
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Specific requirements for future satellite constellations focusing on cryosphere monitoring
might include overpasses in the early afternoon, along with night-time acquisitions and daily
revisit time at high spatial resolution. Overall, a revisit time of 1 day, with at least two nadir
acquisitions at two different specific local times, and a multispectral payload in both visible
and thermal channels (with a spatial resolution of 20-40 m and 40-60, in VNIR and TIR
respectively), could constitute the main observational requirements for exploiting thermal

inertia for snow density applications.

5. Conclusions

The estimation of snow density from thermal inertia could be a new frontier in remote
sensing. We show preliminary evidence that snow density can be successfully estimated from
APs observations. This may have an important impact on snow hydrology studies, mainly for
determining the snow water equivalent at catchment scale in complex terrain. The possibility
of mapping snow density through APs might represent a novel application for improved
monitoring of the cryosphere and could potentially be used for freshwater resource

management in the Alpine environment.

We used a hybrid approach to generate APs maps, starting from satellite images,
meteorological modelling and field measurements and we developed an empirical regression
model to estimate snow density in space and time. The goodness of the model seems to
support the reliability and replicability of the proposed approach. We have, however,

discussed elements of uncertainty and have proposed improvements to refine the

12
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methodology. To better assess the applicability of the method, it needs to be tested in a
variety of study areas. Overall, we are confident that the maps of thermal inertia could help
in detecting the onset of snowmelt and the snow density derived in different periods of the

year, revealing consistent seasonal and spatial variability.

While this study may be the first step toward mapping and monitoring snow density from
space, it may also help in defining the scientific requirements for new spaceborne missions
targeting the cryosphere. We believe there is a need for a new class of satellites, with the
ability to observe the Earth’s surface at high spatial and temporal resolution, with both day
and night-time overpasses in both optical and thermal domain. Such a mission, targeting snow
dynamics at catchment scale, would be extremely relevant for continuously monitoring these
ecosystems and for inferring quantitative information about hydrological resources and

climate variability.
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