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Abstract Thermal inertia has been successfully used in remote sensing applications that span from
geology, geomorphology to hydrology. In this paper, we propose the use of thermal inertia for describing
snow dynamics. Two different formulations of thermal inertia were tested using experimental and simulated
data related to snowpack dynamics. Experimental data were acquired between 2012 and 2017 from an
automatic weather station located in the western Italian Alps at 2,160 m. Simulations were obtained using
the one‐dimensional multilayer Crocus model. Results provided evidences that snowmelt phases can be
recognized, and average snowpack density can be estimated reasonably well from thermal inertia
observations (R2 = 0.71; RMSE = 65 kg/m3). The empirical model was also validated with manual snow
density measurements (R2 = 0.80; RMSE = 54 kg/m3). This study is the ﬁrst attempt at the exploitation of
thermal inertia for snow monitoring, combining optical and thermal remote sensing data.
Plain Language Summary

Alpine snow represents a fundamental reservoir of fresh water at
midlatitude. Remote sensing offers the opportunity to estimate snow properties in different spectral
domains. In particular, the knowledge of the spatial and temporal variability of snow density could allow
modeling of the snow water equivalent, which knowledge is crucial for managing water resources in the face
of current climate change. In this study we show for the ﬁrst time that snow thermal inertia can contribute to
monitoring of snowmelt processes and snow density, opening new perspectives for remote sensing of
the cryosphere.

1. Introduction
The cryosphere is an important constituent of planet Earth, since it regulates short wave radiation balance and stores fresh water essential for human societies and ecosystems. During the climatic history
of Earth, the cryosphere has played a fundamental role in deﬁning the global air temperature through
complex feedback mechanisms with the atmosphere and the biosphere. To date, the study of the cryosphere is an active ﬁeld of research, because its components are extremely sensitive to global climate
changes (Beniston et al., 2018; Immerzeel et al., 2010). The retreat of mountain glaciers and the negative
mass balance of ice sheets have become emblematic of the effect of natural and anthropogenic climate
changes on natural environments (Huss et al., 2017; Oerlemans, 1994). Alpine snowpack is strongly variable in time and space due to their complex interactions with the overlying atmosphere and the underlying ground. The knowledge of snowmelt processes and the snow water equivalent is of crucial
importance in alpine areas for understanding water availability and for deﬁning water management strategies (Beniston et al., 2003, 2018). A large part of the cryosphere components exists very close to their
limit of phase transition from solid to liquid. For this reason, the study of melting dynamics represents
a fundamental task of current scientiﬁc research, in particular, in the framework of current increase of
atmospheric temperature.
In the context of snowmelt processes, the evolution of the snowpack is determined by the energy and mass
balance equations (Dingman, 2015). In general, the melting period of a seasonal snowpack begins when the
net input of energy becomes increasingly positive, and it can be ideally separated in three phases (Dingman,
2015): (i) warming phase: during which absorbed energy results in increasing temperature, until the
snowpack is isothermal at 0 °C and a signiﬁcant increase of snow density occurs (Mccreight & Small,
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2014); (ii) ripening phase: during which energy is used for melting, increasing the liquid water content, but
the meltwater is retained in the snowpack by surface tension forces until the snow reaches its liquid holding
capacity (Williams & Tarboton, 1999); and (iii) output phase: during which further input of energy produces
meltwater output. During these phases, the optical, thermal, and physical properties of snow strongly
change. In alpine areas, this variability can also occur quickly due to complex topography. Snow is a
complex porous medium made of air and up to three phases of water: ice, water vapor, and liquid water.
Their relative proportion controls optical and thermal properties, while weather conditions control
metamorphism and compaction (Calonne et al., 2011; Haeberli & Whiteman, 2014; Pomeroy & Brun, 2001).
Remote sensing offers the opportunity to estimate snow properties in the optical, thermal, and microwave
domain (Dozier & Painter, 2004; Hall & Martinec, 2012; Nolin, 2010; Tedesco, 2014). Overall, optical data
are focused on grain size, snow cover extent, surface albedo, and light absorbing particles (LAPs;
Bormann et al., 2018; Dozier & Painter, 2004; Green et al., 2002; Kokhanovsky et al., 2018; Painter et al.,
2013; Skiles et al., 2018). Thermal data are instead used to map snow/ice surface temperature and spectral
emissivity (Aubry‐Wake et al., 2015). Finally, active and passive microwave data contribute to determine
spectral emissivity, wet or dry snow, snow liquid water content, and liquid water column, snow depth, snow
density, and overall snow water equivalent (Kelly et al., 2003; Lacroix et al., 2009; Leduc‐Leballeur et al.,
2017; Naderpour & Schwank, 2018; Schellenberger et al., 2012; Stiles & Ulaby, 1980; Ulaby & Stiles, 1980).
Frozen components of the Earth feature very peculiar optical and thermal properties. Snow and ice crystals
reﬂect most of the radiation in visible wavelengths (reﬂectance >0.9) and absorb radiation in near‐infrared
and short‐wave infrared (Kokhanovsky & Zege, 2004; Warren, 1982). Regarding thermal properties, snow
has a very high emissivity (>0.9) in the 8–12 μm spectral range behaving like a black body. Thermal properties of snow vary primarily with density, which is related to changes in microstructure and liquid water content (Arenson et al., 2015; Calonne et al., 2011; Dadic et al., 2013). Surface processes that promote snow and
ice melting are mainly driven by net radiation (including shortwave and longwave radiation). Changes in air
temperature ﬁrst induce warming of the snowpack, then a phase transition (i.e., snow melting) results in the
disappearance of snow at midlatitudes. Increases in air temperature also induce structural changes in snow
and the coarsening of the snow microstructure. This increase in the dimension of crystals is involved in a
feedback mechanism that promotes further melting, since large grains are characterized by a lower albedo
(Warren & Wiscombe 1980). The albedo of snow is also inﬂuenced by the LAPs content (Painter et al.,
2012; Di Mauro et al., 2015, 2017; Liou et al., 2014; He et al., 2018), and the interaction of non‐ice material
with snow may alter its thermal properties by decreasing the emissivity and enhancing surface temperature.
This process directly feeds the phase transition from solid to liquid and accelerates the disappearance of
snow in spring (Painter et al., 2007), which impacts the availability of water for ecosystem functioning, irrigation, hydropower, etc. (Skiles et al., 2018).
Although optical, thermal and radar remote sensing has been widely used at ﬁeld, airborne and satellite
levels (König et al., 2001), no combination of thermal and optical data has ever been pursued to infer snow
properties and to monitor the snowmelt phases. The detection of snowmelt phases represents valuable information that could be assimilated in snow/hydrological models. Overall, the knowledge of different snowmelt phases may help to evaluate the impact of climate change on cryosphere components. Beside other
properties, snow density is an essential variable for quantifying the amount of water contained within the
snowpack (i.e., snow water equivalent) and the water availability at catchment scale (Jonas et al., 2009;
Molotch et al., 2005; Sturm et al., 2010). Several attempts to retrieve snow density were conducted using
active (Shi & Dozier, 2000; Snehmani et al., 2010; Thakur et al., 2012) and passive microwave remote sensing
(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 & Naderpour, 2018). However, the possibility to get accurate estimates
of snow density from remote sensing still represents a great challenge.
In this context, we hypothesize that remotely sensed thermal inertia can be a useful indicator of snowmelt
properties and overall for snow monitoring. Thermal inertia is a physical property of the surfaces, which
determines resistance to temperature change under seasonal and diurnal heating (Nearing et al., 2012).
pﬃﬃﬃﬃﬃﬃﬃ
Thermal inertia is described as: P ¼ kρc, and is expressed in J·m−2·K−1·s‐1/2, where ρ is the density (kg/
m3), k is the thermal conductivity (J·m−1·s−1·K−1), and c is the speciﬁc heat (J·kg−1·K−1). If thermal inertia
changes in space and time, it could be possible to generate maps that can be used to monitor snowmelt and
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snow parameters. For snow hydrology purposes, this quantity has been only peripherally investigated in the
context of the NASA Heat Capacity Mapping Mission (HCMM; Short and Stuart, 1982) in terms of apparent
thermal inertia. This study qualitatively indicated that higher values of apparent thermal inertia may deﬁne
the extent of melting snow at the lowest elevations, while medium and low values likely represent drier,
colder snow at the highest elevations. The authors concluded that further study would be needed to determine whether these data actually provide information useful for snowmelt prediction. However, to our
knowledge, no further quantitative studies on apparent thermal inertia and snowmelt has been conducted
since that time, although this variable has been extensively used to discriminate surface planetary geology
and urban heat island assessment (Aït‐Mesbah et al., 2015; Brenning et al., 2012; Cracknell & Xue, 1996;
Gaitani et al., 2017; Mitra & Majumdar, 2004; Price, 1977; Putzig & Mellon, 2007; Wang et al., 2010; Xue
& Cracknell, 1995). Moreover, many studies have demonstrated that it can be used to estimate soil moisture
(Kahle et al., 1976; Kang et al., 2017; Maltese et al., 2012, 2013; Minacapilli et al., 2009; Price, 1980; Tian et al.,
2015; Van Doninck et al., 2011; Verhoef, 2004; Verstraeten et al., 2006).
Since changes of snow density and liquid water content continuously occur in the snowpack, spatial and
temporal patterns of thermal inertia can theoretically reveal snowmelt processes. The main goal of this study
is to understand if snow thermal inertia can be an indicator of temporal evolution of snowmelt processes and
to evaluate its relationship with snow parameters, with particular attention to snow density. This study is a
ﬁrst attempt to interpret this process in a snowpack, and it may open new perspectives for detection of snowmelt processes and snow parameters from remote sensing observations.

2. Data and Methods
First, we deﬁne a theoretical formulation of snow thermal inertia, then we exploit experimental data and
snow modeling outputs to compare the seasonal series of apparent thermal inertia with snowmelt processes.
Finally, we analyze the relationships between thermal inertia and snow variables considering both simulated and ﬁeld measurements data.
2.1. Experimental Site
The test site is located in the northwestern Italian Alps (Aosta Valley, IT) at an altitude of 2,160 m a.s.l.
(45°50′40″N, 7°34′41″E). The site is a subalpine unmanaged grassland area, classiﬁed as intraalpine with
semicontinental climate. It extends over an almost ﬂat area (i.e., slope lower than 5°) of about 150 ×
200 m, and it is generally covered by snow from the end of October to late May. This natural ecosystem
has been under continuous investigation since 2009 to evaluate how vegetation phenology and snowpack
respond to current climatic conditions (Galvagno et al., 2013; Julitta et al., 2014; Migliavacca et al., 2011).
The experimental site belongs to the ICOS (Integrated Carbon Observation System) Phenocam and LTER
(Long‐Term Ecosystem Research in Europe) networks, and it is equipped with an automatic weather station
and eddy covariance ﬂux tower for continuous measurements of snow parameters and heat ﬂuxes. Hourly
measurements of several parameters are therefore available during the whole year. A full description of
the instruments is reported in Galvagno et al. (2013).
2.2. Snow Thermal Inertia Modeling
The snow thermal inertia Ps has been modeled according to the following considerations: (i) the snowpack
density (ρs, kg/m3) can be considered as the combination of dry snow and liquid water content (Dadic et al.,
2013); (ii) the thermal conductivity of the snowpack can be inferred from snow density [Calonne et al., 2011];
(iii) the speciﬁc heat capacity of snow (cs) can be modeled using the relative fraction of ice, water, and air in
the snowpack and considering their speciﬁc heat capacities (Sergienko et al., 2008; Verseghy, 1991).
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ



ρ −θρw
ρ −θρw
Ps ¼ ð2:5 10−6 ρs 2 −1:23 10−4 ρs þ 0:024Þ⋅ρs ⋅ ci s
þ cw θ þ ca 1− s
−θ
(1)
ρi
ρi
h
i
J m−2 K−1 s−1=2
where ci, cw, ca are the speciﬁc heat capacities of ice, water, and air, respectively; ρi, ρw; are their densities,
and θ is the mass liquid water content (%) normalized between 0 and 1. The derivation of Ps is presented
in the Supporting Information S1.
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Equation (1) allows computing snow thermal inertia and it represents the baseline for interpreting the spatial and temporal variability of apparent thermal inertia, which can be instead estimated using remote sensing data (section 2.3). Ps was computed for hydrological years 2012–2017 using simulated snow parameters
(i.e., density and liquid water content) by Crocus model (section 2.4).
2.3. Estimation of the Snow Apparent Thermal Inertia
The apparent thermal inertia of snow (APs) has been computed using the formulation proposed by Xue and
Cracknell (1995) and Maltese et al. (2013), and it is based on the solution of the one‐dimensional (1‐D) thermal diffusion equation, using a ﬁrst‐order approximation of a Fourier series under the hypothesis that surface temperature has a sinusoidal cosine behavior (Maltese, Bates, et al., 2013). Using data recorded at the
experimental site for 2012–2017 hydrological years, APs was calculated as follows:
APs ¼

ð1−αÞSW in A1 cosðωt 1 −δ1 Þ− cosðωt 2 −δ1 Þ
ﬃ
pﬃﬃﬃﬃqﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ΔT ðt2−t1Þ
ω 1þ1þ 1
b

h
i
J m−2 K−1 s−1=2

(2)

2b2

where α is the snow shortwave broadband albedo (−) averaged between 13:00 and 15:00 (local time: UTC
+1), ΔT (K) is the surface temperature difference between the nighttime and the daytime temperatures measured at times t1 (4:00 and 6:00) and t2 (13:00 and 15:00), respectively; SWin is the daily average shortwave
incoming radiation (W/m2); ω is the angular velocity of Earth rotation (rad/s); A1 and b are the coefﬁcients
of a ﬁrst‐order approximation of the Fourier series (for details, see Maltese, Bates, et al., 2013), while δ1 (rad)
is the phase difference between surface temperature and shortwave incoming radiation that can be retrieved
straightforward under the hypothesis that the time at which surface temperature reaches the maximum
value is known (Xue & Cracknell, 1995). Shortwave broadband albedo in the range of 400–2,800 nm was
measured by a net radiometer (Kipp and Zonen, cnr4, uncertainty <5%), while surface snow temperature
was measured by a SI‐111 thermal sensor (Apogee, uncertainty ±0.2 °C). Albedo values ≥1 and surface temperature differences ≤0 were discarded, and residual APs outliers were removed using the Median Absolute
Deviation approach with a moving kernel of 10 days.
2.4. Snowpack Modeling
Snowpack variables were simulated using the one‐dimensional multilayer Crocus model, which reproduce
the evolution of the snowpack (Brun et al., 1989; Essery et al., 1999; Tuzet et al., 2017; Vionnet et al., 2012). In
this model snow dynamics are represented as a function of energy and mass transfer between the snowpack,
the atmosphere, and ground below. We used a speciﬁc Crocus version that makes use of the Two‐stream
Analytical Radiative TransfEr in Snow (TARTES; Libois et al., 2013) radiative transfer model (Tuzet et al.,
2017). In this study, we performed Crocus simulation accounting for the impact of LAPs (dust and black carbon), further details can be found in Di Mauro et al. (2019). Over the 2012–2017 period, Crocus simulations
were fed by in situ measurements: air temperature, direct and diffuse shortwave incoming radiation, longwave radiation, wind speed and direction, speciﬁc humidity, surface pressure, snow, and rain precipitation.
Several snowpack variables (e.g., snow height, albedo and surface temperature, snow water equivalent and
water output, snow energy balance components, snow density, and liquid water content) were simulated
using Crocus for the study period considered here. These variables were exploited to distinguish the snowmelt phases. Simulated snow density and mass liquid water were used as inputs to compute Ps and for investigating the relationships with APs. Simulated snow variables and Ps were averaged over the upper 30 cm of
the snowpack. This layer is the most important in terms of thermal and radiative properties (i.e., interaction
with atmosphere, surface hoar formation, transmission of shortwave radiation, daily temperature cycles,
variation in snow density and refreezing processes; Arenson et al., 2015; Burns et al., 2014 ; Fierz, 2011).
Deeper in the snowpack, diurnal cycles of temperature are further dampened (Burns et al., 2014;
Fierz, 2011).
2.5. Retrieval of Snow Properties From Apparent Thermal Inertia and Sensitivity Analysis
APs was compared with simulated snowpack variables to evaluate the role of each parameter in thermal
inertia. In particular, we were interested in testing the relationship between APs and snow variables that
affect snowpack's thermal properties, primarily snow density. Such analysis has been conducted using linear
and nonlinear regressions models to identify the best empirical model.
COLOMBO ET AL.
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Manual measurements of snow density (n = 17) were acquired in Torgnon between December 2012 and
April 2016. They were compared with Crocus simulated snow density, and with snow density estimated
using the empirical model developed starting from APs to validate the model.
Finally, a simpliﬁed sensitivity analysis was performed following Maltese, Bates, et al. (2013) to understand
the sensitivity of APs to the range of variability of the albedo and the difference in day‐night temperature,
and to examine the uncertainty of snow density estimation from APs. APs was calculated by varying snow
albedo and surface temperature within plausible ranges of values: α ranges from 0.6 to 0.95 with increment
Δα = 0.05 (−); ΔT ranges from 1 to 10 with increment Δ (ΔT) = 0.2 (K).

3. Results and Discussion
3.1. Toward the Use of Snow Thermal Inertia for Monitoring Snowmelt Processes
Results from Crocus simulations for all hydrological years allowed a ﬁrst understanding of the snow
dynamics at the investigated site. Figure 1 shows the time series of different variables modeled for the
2013–2014 season (all years analyzed in this study are shown in Figure S1): surface snow temperature (Ts,
K), night‐day temperature variation (ΔTs, K), albedo (α, −), mean snow density of the upper 30 cm (ρ,
kg/m3), snow depth (SD, m), snow water equivalent (SWE, mm), snow liquid water content (LWC,
kg/m3), water output (i.e., Snowmelt, m2/s) and snow thermal inertia (Ps, J·m−2·K−1·s‐1/2). Multilayer
Crocus data for LWC, Ts, ρ, and Ps are also shown in Figure 1.
The complex interactions between all these parameters allowed revealing the different phases of snow accumulation and melting. Accumulation periods and snow melting phases (i.e., warming, ripening, and output
phases) were identiﬁed for each year mainly considering snow depth, surface temperature, snow density variation, liquid water content, and water output. Considering the winter 2013/2014, until the ﬁrst week of
March, surface temperature (Ts) is always below zero, and snow density (ρ) ﬂuctuates around 250 kg/m3
(Figure 1b). We considered the marked drop in SD, associated with the rise of Ts and ρ as the main indicators
of the start of melting period and the beginning of the warming phase (4 March 2014, Figure 1b; Dingman,
2015; Mccreight & Small, 2014). In the second week of March, internal snowpack temperature gradually
increases approaching the melting point, and snowpack becomes isothermal (around 18 March 2014,
Figure 1f). During this time, a strong snow metamorphism occurs, density increases, and albedo consequently decreases. Depending on the atmospheric conditions, warming‐freezing cycles could occur several
times during snowmelt period. During the ripening phase, mean LWC of the snowpack increases, but water
is retained in the snowpack and no snowmelt occurs (Figures 1d and 1e; Williams & Tarboton, 1999). During
April, snow density reaches values of 500–600 kg/m3. The beginning of the output phase (3 April 2014) is
marked by a sharp decrease in SWE and an increase in the production of melt water (i.e., Snowmelt in
Figure 1d). Shaded areas in Figure 1 show the identiﬁed warming, ripening, and output phases. The behavior of thermal inertia is shown in Figures 1h and 2. Ps assumes values lower than 500 J·m−2·K−1·s‐1/2 during
the whole accumulation with a low variability within the snowpack. During the warming phase, Ps increases
with increasing snow density. While during the ripening and output phases (when water appears on the surface) Ps reaches its highest values. During the melting period, Ps shows a greater variability in the upper
layers (Figure 1h).
Figure 2 shows the behavior of APs and Ps modeled considering the upper 30 cm of snowpack across the
same season. Considering all investigated years, Ps values vary between 20 and 900 J · m−2 · K−1·s−1/2 for
snow density ranging between 100 and 550 kg/m3. During the accumulation period in 2013 both Ps and
APs show low and almost constant values. Throughout this period, high albedo values and large diurnal
variability of surface temperature (Figure 1) generate low APs values, representing dry snow. Changes in surface temperature are likely due to ﬂuctuation in air temperature, since fresh snow has a high porosity, and it
behaves as an insulator. As the air temperature increases in spring, albedo decreases due to metamorphism
and daily ﬂuctuations in surface temperature are dampened. This process induces an increase in APs during
March. During this phase, APs resembles Ps. APs continues to rise during the ripening phase, due to the
ongoing gradual increase of snow density because of the formation of liquid water. In this phase, APs starts
to diverge from Ps likely due to the appearance of liquid water content at surface. As the snow reaches its
saturation point (maximum of LWC), snowmelt occurs, and APs and Ps reach maximum values
COLOMBO ET AL.
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Figure 1. Seasonal time series of variables simulated with Crocus model for the hydrologic year 2013/2014 (the hydrological year ranges from the end of October to
late May). Snow depth (SD), snow water equivalent (SWE), and Snowmelt are depicted as mean daily snowpack values, while density (ρ) and liquid water
content (LWC) are computed as mean values in the upper 30 cm. Ts represents daily mean surface temperature, while ΔT is the temperature difference between
14.00 p.m. and 05.00 a.m. measurements. Albedo (α) was averaged between 13.00 and 15.00. Figures 1e–1h show the behavior of liquid water content (LWC),
snow temperature (T), snow density (ρ), and snow thermal inertia (Ps) across the snow proﬁle. Shaded red, yellow, and blue areas (and dotted lines) indicate
warming, ripening, and output phases, respectively.
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Figure 2. Apparent and thermal inertia of the alpine snowpack. Trend of Ps (blue line, mean of 0–30 cm) and APs (red line) for 2013–2014 hydrological year. Ps and
APs have similar values during the snow season: Low values occur during the accumulation, an increase is observed during warming and ripening, and
maximum values are reached in the output phase. Upper part shows the ideal evolution of the structure of the snowpack indicating changes in snow density and
appearance of liquid water within snow.

corresponding to high and almost constant snow density (i.e., ~500 kg/m3). This ideal seasonal trend can be
modiﬁed by a combination of snowfall events and snow melting. For example, one snow fall occurred at the
end of March in 2014 induced a decline in APs and Ps due to the appearance of pristine snow. The decrease in
APs values at the end of March can in fact be associated with fresh snow with density of 250 kg/m3 and with a
decrease in snow temperature with re‐freezing of LWC. Hence, remotely sensed estimations of APs may be
affected by rapid melting and refreeze processes that can occur during the melting period in
seasonal snowpacks.
In an idealized sequence, APs could be described by a sigmoid function, with low values in the accumulation
period, followed by a rise in warming and ripening phases and a subsequent stabilization, when the output
phase starts. In this conceptual model it could be possible to deﬁne thresholds and metrics corresponding to
snowmelt phases (e.g., the day of the year on which the melting season starts and the beginning of the output
phase) and hence the possibility to discriminate dry, wet, and water‐saturated snow from remote sensing of
thermal inertia. In our case, mean values of APs are statistical different (in terms of t test) during accumulation, warming/ripening, and output phases (Figure 3b). While accumulation and output phases are clearly
distinguishable from thermal inertia, the warming and ripening phases are often mixed together during the
natural evolution of the snowpack, hence, they are hardly separable using the proposed method.
Overall, we found a good agreement between Ps and APs, with an R2 of 0.74 (Figure S2). APs successfully
reproduce Ps in the accumulation, warming, and ripening phase, while in the output phase we encountered
a marked difference that could be due to the presence of surface layers of liquid water and changes of mass.
The presence of materials with different thermal properties (water, air, ice, and LAPs) modiﬁes the phase
and amplitude of the ﬂuctuation of daily surface temperature (Byrne & Davis, 1980), so that APs can diverge
from the theoretical Ps model. In this context, underestimations in ΔT may occur in the output phase, and
this may explain the higher values of APs with respect to Ps. Furthermore, simulated liquid water content
from Crocus may be affected by errors (D'Amboise et al., 2017), and this can also explain the divergence
between Ps and APs.
3.2. Estimation of Snow Density
A signiﬁcant power law relationship between APs and simulated snow density was found for all the investigated years, both considering mean values of the whole snowpack (R2 = 0.71, Figure 3a) and the upper 30 cm
(R2 = 0.75, data not shown). Worse results were instead found between APs and the other snowpack variables,
such as SD (R2 = 0.05), SWE (R2 = 0.04), LWC (R2 = 0.25), and snowmelt (R2 = 0.05). Figure 3 indicates that
APs can be used to provide estimation of mean snow density with a RMSE equal to 65 kg/m3. As a validation
scheme of this model, we present a comparison between snow density estimated from APs with snow density
measured in ﬁeld (Figure S3). The goodness of ﬁt of the regression (R2 = 0.8; RMSE = 54 kg/m3) further
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Figure 3. (a) Correlation between APs and mean snow density for all the investigated years (2012–2017). The regression is
statistically signiﬁcant (p < 0.001, α = 0.05) and the 95% prediction boundary of the functions are represented. (b) Boxplot
of APs values considering the different snow phases: accumulation (ACC, blue dots), warming and ripening (WRI, red
dots), and output (OUT, green dots). Mean values differ statistically, what is conﬁrmed by a t test with a signiﬁcance level
(α) of 0.05 and p‐values always smaller than 0.001.

supports the reliability of the mean snow density retrieval from thermal inertia measurements. In our case,
the ability of APs to estimate both mean snow density and upper 30 cm can be ascribed to the higher temporal
variability of snow density with respect to the lower variability along the vertical proﬁle.
During the different snow phases, APs assumes distinct values in all considered hydrological years
(Figure 3b). APs values in the accumulation period are almost constant (i.e., average value around 140
J · m−2·K−1 · s−1/2 and standard deviation (st. dev.) equal to 147 J · m−2·K−1·s−1/2, with average snow density
of 246 kg/m3 and st. dev. equal to 36 kg/m3; during warming and ripening, APs assumes intermediate values
(mean = 478, st. dev. = 355) and mean snow density of 310 (st. dev. = 45), while in the output phases mean
values of APs are higher and more variable (mean = 1,719, st. dev. = 766), corresponding to highest snow
density values (mean = 430, st. dev. = 60). During the melting period, part of the variability in the APs series
may be due to the resurfacing of LAPs that induce a further decrease in snow albedo, increase in grain size,
and a warming of the snowpack (Di Mauro et al., 2019). This may partially explain the higher scattering of
data in Figure 3 and affect the correlation between APs and snow density.
Overall, these results indicate that average snow density can be estimated from thermal inertia. However, for
the estimation of the SWE, both the knowledge of the mean value of the bulk snowpack density and snow
depth are needed. In the future, the combination between optical/thermal data with passive and active
microwave data may improve SWE estimation and snow monitoring.
Finally, results of the sensitivity analysis show that the uncertainty of snow density estimation from APs
increases at low ΔTs and α values (Figure S4). This is a typical condition occurring during ripening and output phases, when snow metamorphism decreases both α and ΔTs. This analysis highlights the importance of
precise surface temperature measurements to infer APs and snow density, especially during melting period.
In the range of ΔTs from 1.5 to 4 K, a precision of at least 0.2 K is necessary for obtaining variation in snow
density estimation lower than 30 kg/m3. This corresponds to a variation <10% that is comparable with errors
in manual measurements of snow density (Proksch et al., 2016).

4. Conclusions
In this paper, we introduce for the ﬁrst time the use of snow thermal inertia in the context of snowmelt processes. In particular, we show that both Ps and APs assume distinct values during accumulation,
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warming/ripening, and output phases, indicating that thermal inertia can potentially be used to provide
information on snowpack conditions. Uncertainty factors that could inﬂuence APs estimations can be associated with instrumental accuracies, model assumptions, presence of liquid water and LAPs on surface
snow, rapid snow dynamics (e.g., late snowfalls and melting), and cloud cover. Moreover, we provide ﬁrst
evidences that snow density can be successfully estimated from APs observations. The model was validated
with independent snow density measurements. However, further studies are needed to consolidate and to
extend our ﬁndings. Investigations with optical/thermal airborne sensors combined with ﬁeld experiments
and modeling tools are relevant to evaluate and interpret the spatial and temporal variability of APs in different geographic context and different snow/ice conditions.
Results presented in this study are of particular interest since APs is a variable that can be directly estimated
from remotely sensed data. Thus, we believe that the use of snow thermal inertia may contribute to open
new applications in Earth Observation and perspectives in the study of the cryosphere, as an example for
snow hydrology and water resources management. The possibility to use APs to infer snow density could
have signiﬁcant impacts on snow hydrology studies, mainly for inferring the snow water equivalent.
Currently, a strategy combining existing or future radar, optical and thermal missions could be deﬁned with
the perspective to speciﬁcally target a better estimation of the snow water equivalent, which is the parameter directly affecting the availability of water in the future.
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