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A B S T R A C T

Here, we present the result of different models for active layer thickness (ALT) in an area of the Italian Central 
Alps where a few information about the ALT is present. Looking at a particular warm year (2018), we improved 
PERMACLIM, a model used to calculate the Ground Surface Temperature (GST) and applied two different ver
sions of Stefan’s equation to model the ALT. PERMACLIM was updated refining the temporal basis (daily respect 
the monthly means) of the air temperature and the snow cover. PERMACLIM was updated also to minimize the 
bias of the snow cover in summer months using the PlanetScope images. Moreover, the contribution of the solar 
radiation was added to the air temperature to improve the summer GST. The modelled GST showed a good 
calibration and, among the two versions of Stefan’s equation, the first (ALT1) indicates a maximum active layer 
thickness of 7.5 m and showed a better accuracy with R2 of 0.93 and RMSE of 0.32 m. The model underlined also 
the importance of better definition of the thermal conductivity of the ground that can strongly influence the ALT.

1. Introduction

1.1. Permafrost and climate change

Among the “hotspots” of the mountain areas, warming of Alps is 
greater than hemispherical or global scale average (Malfasi and Can
none, 2021). Climate sensitivity of the Alps affects the underlying con
ditions of permafrost, its degradation and thickening of active layer 
which would cause feedback such as ground instability, ecosystem and 
hydrological changes (Cannone and Sgorbati, 2007; Gruber and Hae
berli, 2007; Woo et al., 2008; Schuur et al., 2015; Ponti et al., 2021; 
Wani et al., 2021). Permafrost degradation induces the increasing of the 
active layer thickness (ALT) and alters vegetation, decomposition of 
organic carbon in the soil, fluxes of greenhouse gases, moisture content, 
and infrastructure (Jiang et al., 2024; Liu et al., 2024; Wu et al., 2024). 
ALT can vary substantially over small regions because of differences in 
energy balance due to the high variability of surface characteristics as 
snow, vegetation and ground characteristics as thermal properties and 
soil moisture (Fisher et al., 2016; Yi et al., 2019; Song et al., 2020; 
Heijmans et al., 2022). It is therefore important to rely on high resolu
tion data that represent the complex variability of the environment for 
modelling permafrost conditions and its changing dynamics, coupled 

with field-based observation (Wang et al., 2020).

1.2. Permafrost modelling

Modelling the surface energy balance (SEB) coupling with ground 
thermal conditions and characteristics is still a challenge to overcome 
(Hoelzle et al., 2001; Guglielmin and Testa, 2003). Indeed, the current 
spatial resolution of permafrost and active layer maps produced for 
hemispherical scale studies do not represent the true surface spatial 
variability (Ran et al., 2022). Therefore, there is still a need of fine- 
resolution maps that capture the local heterogeneity. Many studies 
have been conducted on ALT modelling with analytic, direct, indirect, 
and numerical models. The analytical equation of Kudryavtsev is a 
complex model requiring integrative information on many variables 
such as snow cover, snow density, vegetation, thermal properties of soil 
in frozen and thawed state. Moreover, the assumptions of heat flux 
overestimates ALT (Riseborough et al., 2008; Li et al., 2022). The sub
surface thermal model CryoGrid3 uses many variables and is driven by 
time series. It assumes a constant density of snow; energy transfer is 
estimated using low-vegetated areas and water level changes are 
considered constant throughout all seasons (Westermann et al., 2016). 
The numerical model GIPL2-MPL input parameters are spatial datasets 
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such as precipitation, air temperature, ground water content, thermal 
properties of soil and five downscaled IPCC Global Circulation Models. 
However, the model has high precipitation bias, insufficient long-term 
data for the model’s comprehensive analysis and soil moisture, snow 
depth and snow thermal properties require further improvement 
(Jafarov et al., 2012). It is for this reason that the increase of ground- 
based and high resolution remotely sensed observations, would lead to 
developments in permafrost mapping and variability representation 
(Ran et al., 2022; Ponti et al., 2024).

At local scale, in the Alps, mountain permafrost modelling has been 
conducted from topographic factors and air temperatures (PERMA
KART, Keller, 1992) and from heat fluxes estimations (PERMEBAL, 
Stocker-Mittaz et al., 2002) or a combination of both (PERMACLIM, 
Guglielmin and Testa, 2003). More recently, the Alpine Permafrost 
Index Map (APIM) (Boeckli et al., 2012) has been developed, but on an 
old climatic series. It is for these reasons that there is a need to update 
such local permafrost models to best represent the high spatial vari
ability of alpine regions with recent and representative climatic series. 
Guglielmin et al. (2022) performed such update at Mt. Foscagno area, 
but a simplification of PERMACLIM model is needed to make it reusable 
over larger areas with a set of easily accessible input variables.

Therefore, here we believe that an upgrade together with a simpli
fication of PERMACLIM would be suitable to model the ground surface 
temperature (GST) at high spatio-temporal resolution. Respect to the 
original model, we aim to improve significantly the temporal resolution 

of the climatic linear regressions (air temperature and snow thickness) 
from monthly to daily. Secondly, we also modify the model by using 
satellite snow coverage in late spring, summer and in early autumn 
periods, while snow thickness in the winter period through linear re
gressions lapse-rate. Through the modelling of GST, this paper aims 
mainly to assess the ALT in a particularly warm year (2018) as indicator 
of extreme deepening of the permafrost table and thus a possible 
example of the warmer future years in one selected area (Stelvio Pass 
area) where important infrastructure exists and within a biodiversity 
hotspot in one of the oldest Italian National Park. Moreover, the 
simplicity and reliability of the twopresented versions of this model 
would make it easily reproducible and give future users a quantification 
of errors in order to choose the best way to approach ALT modelling 
depending on the available input data. This would be of interest not only 
to researchers but also to public agencies responsible for the proper 
management of high-elevation infrastructure (Mourey et al., 2019; Hjort 
et al., 2022).

2. Study area

The study area lies in the patchy and discontinuous permafrost zone 
of Stelvio National Park close to Stelvio Pass (46◦31′ N, 10◦25′ E) 
(Fig. 1). Approximately 1.6 km on the eastern side of the study area lies 
the SHARE STELVIO Borehole (SSB) world’s deepest borehole in the 
mountain permafrost with a depth of 235 m and a permafrost thickness 

Fig. 1. Study area and alpine permafrost index map (APIM) distribution (Boeckli et al., 2012). a) location of the study area in the European Alps hill shade, b) 
zoomed in view of study area in the Italian Central Alps: Automatic weather stations (AWSs) location used in this study for snow thickness (white triangles) and air 
temperature (red quadrats); c) satellite imagery highlighting study area in red square: yellow crosses represent the location of 1) SP = Stelvio Pass, 2) SSB = Share 
Stelvio Borehole; d) satellite image overview of the area of interest: blue lines represent electric resistivity tomography (ERT) profiles carried out over a ski run (right) 
and an active rock glacier (left), red triangles indicate validation points of ERT profiles used for the ALT calibration. Yellow stars locate the observed ground locations 
for GST used for validation (ITEX Stelvio Pass) and (ITEX Scorluzzo). ITEX = international tundra experiment. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)
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exceeding 235 m. (Guglielmin et al., 2018). Here, permafrost warmed of 
0.2 ◦C during 2009–2016 (Biskaborn et al., 2019) and ALT is increasing 
of 70 cm per decade (Etzelmüller et al., 2020). The elevation ranges 
from 1956 to 3100 m a.s.l and it is mainly characterised by lithologies as 
dolostone, paragneiss and granitic orthogneiss. The whole area is 
characterised by glacial Holocenic features and periglacial landforms 
(Guglielmin et al., 2001, 2018). In particular, among the periglacial 
features, scree slopes, pattern grounds, solifluction lobes, protalus 
ramparts, debris flows are widespread and also two active rock glaciers 
occur (Cannone et al., 2003; Ponti et al., 2021). The mean annual air 
temperature (1978–2018) based on the closest meteorological station 
located at Cancano (46◦31′02.2″ N, 10◦19′14.7″ E, 1948 m a.s.l) is 
+3.3 ◦C ± 0.8 ◦C, with mean annual precipitation of 817 mm and 
snowfall reaching maximum thickness of 133 cm (Malfasi and Cannone, 
2021; Ponti et al., 2021).

The vegetation encompasses subalpine, alpine, and nival belts 
ranging from 2000 to 2800 m a.s.l. The alpine belt mostly consists of 
climax alpine grasslands/continuous meadows (Caricetum curvulae) and 
Salicetum herbaceae in snow beds. The subalpine belt dominates with 
dwarf shrubs, while the nival belt is colonized by pioneer vegetation 
(Androsacetum alpinae, Oxyrietum digynae, and Luzuletum spadiceae), 
snow bed communities and barren ground.

Anthropogenic impacts in the study area are the extensive summer 
pasturing, walking trails used by the hikers and the ski run which was 
built destroying a rock glacier in 1987 (Cannone et al., 2003; Malfasi and 
Cannone, 2020; Guglielmin et al., 2021).

3. Input data

3.1. Surface data

The digital elevation model (DEM) was downloaded by https://www. 
geoportale.regione.lombardia.it/ and it has a 5 m spatial resolution. The 
slope and curvature were computed using ArcGIS Pro 2.7 spatial analyst 
tool. The slope values ranged from 0 to 82◦ with the highest values 
denoting the steepest slopes of rock walls and vertical cliffs. Curvature 
values lie within − 463 to 373 with negative values indicating a convex 
surface, positive values showing a concave surface, and values of 
0 representing a surface that is flat.

The geological map (Montrasio et al., 2012) surveyed at 1:10.000 

(that is the best resolution available for a detailed geological mapping in 
Italy) was re-classified to highlight bedrock and deposits and define their 
thermo-physical properties. Blocky gravel sand without soil is the most 
extensive type followed by sand gravel with soil.

3.2. Climate data

Among the available data (2016–2021) we selected the 2018 
because, as shown in Fig. 2, summer and early fall monthly thawing 
degree days (TDD) of air and GST were warmer than the others with an 
earlier onset of summer temperatures and a delayed decrease of positive 
temperature values. This represents an extreme deepening of the AL and 
thus, if the same conditions are maintained in future, a consequent 
deepening of the permafrost table.

Daily mean air temperature and snow cover thickness derived from 
the Automatic Weather Stations (AWS) available in the area and located 
in Fig. 1b.

We used 6 AWSs for air temperature (AT) in 2018 (ITEX Stelvio Pass 
at 2612 m a.s.l, ITEX scorluzzo at 2630 m a.s.l, Cancano at 1935 m a.s.l, 
Oga S. Colombano at 2300 m a.s.l, La Vallaccia at 2648 m a.s.l, S. 
Caterina at 1761 m a.s.l (Fig. 1b). The data for AWS were downloaded 
from https://www.arpalombardia.it.

Snow cover presence and thickness were measured at 7 AWSs 
(Fig. 1b). Four of them were the same used for air temperature (Can
cano, Oga S. Colombano, Vallaccia, ITEX while other three (Forni at 
2181 m a.s.l., Buffalora at 1971 m a.s.l and Santa Maria Val Mustair at 
1386 m a.s.l) were added.

3.3. Field data

37 points monitoring the ground surface temperature (GST, 
measured at 2 cm of depth through Onset Hobo U23, accuracy of 0.2 ◦C) 
were considered in the locations named ITEX Scorluzzo and ITEX Stelvio 
Pass with an elevation ranging between 2608 and 2635 m a.s.l. (Fig. 3).

Soil moisture was calculated from soil samples collected in 36 points 
located in different types of deposits in all the study area between an 
altitude of 2200 and 2700 m a.s.l. Water content was calculated with 
weight loss by oven-drying the soil at 105 ◦C for 24 h (Gardner, 1986) 
and averaged for the different horizons examined in each soil. The 
measured values range between 14 and 54 % depending upon the soil 

Fig. 2. Monthly thawing degree days (TDD, ◦C day) of: a) Air temperature between April and September and b) GST for the months May–December of ITEX Stelvio 
Pass station for the year 2016, 2017, 2018, 2019 and 2021.
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density and porosity (Fig. 3). For the validation of ALT, nine chosen 
points on two different electrical resistivity tomography (ERT) surveys 
(235 m and 94 m long) were considered to detect ALT as the depth of a 
high resistivity layer, corresponding to a high ice-content layer 
(permafrost table). The ERTs were taken in August 2018 (almost 
maximum ground thawing) with a Wenner array geometry and an 
electrode spacing of 5 and 2 m, respectively. Res2Dinv software was 
used to invert the data, setting a root mean square (RMS) convergence 
limit equal to 5 % (Guglielmin et al., 2021).

4. Methods

4.1. GST model

The GST of 2018 was modelled with an updated version of the 
PERMACLIM (Fig. 4) (Guglielmin and Testa, 2003). The first improve
ments were that the air temperature maps were calculated on daily basis 
and not on monthly as in PERMACLIM. All the linear regressions lapse- 
rate between air temperature and elevation had a R2 > 0.9 and were 
considered to produce daily mean air temperature maps. Similarly, daily 
linear regression between altitude and snow thickness (cm) for winter 
period between 1st January - 10th June 2018 and 27th October – 31st 
December 2018 were extrapolated to obtain mean snow thickness maps. 
Both the maps were carried out using the Raster calculator in ArcGIS Pro 
2.7. The snow thickness was corrected for slope and curvature like in 
Guglielmin and Testa (2003) called Snow Accumulation Factor (SAF) 
and concavity-convexity factor (CCF). The snow regression model was 
converted into snow presence/absence during winter. In summer, snow 
presence/absence was obtained through the supervised classification of 
PlanetScope images (single snow band) with random forest algorithm 
(misclassification error of 3.42 % compared to the regression model) 
when the lapse-rate regressions were not statistically significant because 
of the patchy and negligible snow cover that is not represented by 6 
widespread AWSs. We used PlanetScope images resampled to match the 
DEM resolution, because, among satellite platforms, it has a high spatial 
and temporal resolution (3.0 m on daily basis) making it highly effective 
for daily monitoring over local regions. Several polygons were digitized 
to represent classes of snow and snow-free areas. Afterwards, 50 random 
points were generated, and a confusion matrix was calculated per each 
of 10 different dates, well distributed across summer (Aberle et al., 
2024).

Consistently with the PERMACLIM model assumptions, we consid
ered the GST to be 0 ◦C when snow cover was present. This is crucial 
because the stored ground heat accumulated during summer turns into 
approximately 0 ◦C at the surface in presence of the snow cover. This is 
particularly true for this study area and period: the average winter 
(snow-covered) GST for the 37 ground thermistors was 0.1 ± 0.35 ◦C. 
Conversely, while in snow-free conditions of PERMACLIM GST was 
assumed to correspond to air temperature (AT) (GST = AT) (Guglielmin 
and Testa, 2003; Guglielmin et al., 2022; Paro et al., 2014), here instead 
we incorporated the influence of potential solar radiation on GST 
(Abramov et al., 2008; Guglielmin et al., 2008) using the Area Solar 
Radiation tool in ArcGIS Pro 2.7. Specifically, based on the linear 
regression of few GSTs in the study area with potential solar radiation, 
for the months of July, August, and September, we applied Eq. (1), while 
for June Eq. (2) was employed: 

GST = 0.0015*RAD − 5.7848+AT (1) 

GST = 0.0018*RAD − 7.897+AT (2) 

where RAD is the potential cumulative solar radiation of the day and AT 
is the daily air temperature.

Finally daily GST values were used to compute the annual TDD used 
in the active layer model following the methodology shown in Fig. 4.

4.2. Active Layer model

In our study we employed two types of Stefan’s solution depending 
on the availability of input data (ALT1 and ALT2). The first one is 
expressed in Eq. (3) as: 

ALT1 = E√TDDs (3) 

Where TDDs are ground surface TDD (◦C day) calculated by summing 
values above 0 ◦C from daily GST obtained using the cell statistics tool in 
ArcGIS Pro 2.7 and E is the edaphic factor (Nelson and Outcalt, 1987) 
without the n-factor (Hinkel and Nicholas, 1995; Romanovsky and 
Osterkamp, 1997; Wilhelm et al., 2015; Kurylyk and Hayashi, 2016; 
Hrbáček and Uxa, 2020) (Eq. (4)): 

E1 = √
2kt

PbwL
(4) 

where kt is thermal conductivity of the ground (Wm− 1 K− 1), Pb is the soil 
density (kg m− 3), w is the moisture content (kg kg− 1) and, L is the latent 
heat of fusion (333,660 J kg− 1) (Ponti et al., 2024). The second version 
of the Stefan’s solution is expressed in Eq. (5) as: 

ALT2 = E√TDDa (5) 

where TDDa are air TDD (calculated by summing values above 0 ◦C from 
the daily Air Temperature dataset using the cell statistics tool in ArcGIS 
Pro 2.7) and, therefore, the addition of the n-factor (useful to assess the 
ground temperature in case of absence of GST) (Zhang et al., 2005; Xu 
and Wu, 2021) is necessary with in the edaphic factor formula (Eq. (6)), 
that is: 

E2 = √
2ktnt

PbwL
(6) 

Where nt is the average n-factor of thaw (unitless) (Zhang et al., 
2005) that was obtained dividing the TDDs of the 37 ground surface 
temperature points by the TDDa deriving from the adjacent AWS air 
temperature recording daily values.

The thermal conductivity of the material was achieved by the 
reclassified geological map from 24 classes (Montrasio et al., 2012) to 7 
classes according to their lithology as reported in Table 1. Thermal 
conductivity, density and porosity of the rock types were taken from 
literature or measured (refer to Table 1).

Fig. 3. Locations of ground surface temperature and soil moisture points in the 
study area at Stelvio Pass. GST points are coloured in yellow and soil moisture 
in red. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)
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The water content for each bedrock or deposit with different lithol
ogy was estimated through a direct proportion equation between the 
maximum and minimum Topographic Wetness Index (TWI) value 
(Sørensen et al., 2006; Riihimäki et al., 2021) computed through the 
hydrology module of SAGA GIS (v.8.5.1) and the measured (or pub
lished) (Table 1) highest and lowest values of the deposit water content 
(or porosity of rocks) with a resolution of 5 m. The validation of this 
simple regression was made through the root mean square error (RMSE) 
between modelled and observed data for the lithologies that hosted 
more than 2 samples. The obtained average RMSE was 13.5 %.

The updated model has been applied only where permafrost occurs 
according to the permafrost map of the Alpine Permafrost Index Model 
(APIM, Boeckli et al., 2012) independently from the permafrost 
probability.

The model accuracy performance for the modelled GST, snow 
thickness, snow coverage, and ALT was assessed based on RMSE (Chai 
and Draxler, 2014), determination coefficient R2 (Asuero et al., 2006) 
and p value. Moreover, the modelled ALT classes were tested for sta
tistical difference through an ANOVA analysis.

5. Results

5.1. Thawing degree days

The modelled TDDs reflected mainly the elevation (decreasing with 
the increase of the altitude) with the higher values mostly concentrated 
at the lower elevations (coloured in yellow), and the lower TDDs values 
at the higher altitude (coloured in blue) (Fig. 5a). Similar pattern 

Fig. 4. Methodology chart for modelled GST. In red all the improvements respect the original model PERMACLIM (Guglielmin and Testa, 2003). (For interpretation 
of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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occurred with TDDa multiplied by the n-factor (representing calculated 
TDDs) although showing lower values both at the lowest and highest 
elevations (Fig. 5b).

5.2. Snow thickness

As a proof that snow thickness (presence) through lapse-rate linear 
regression during summer is not suitable, in Fig. 6a it is shown the snow 
thickness distribution obtained from the linear regression that is much 
more widespread than what is truly visible using the PlanetScope images 
(Fig. 6b) during summer. Therefore, relying on all year round on the 
lapse-rate regression could have underestimated the GST (because 
where snow is present the GST is 0 ◦C).

Fig. 6c, instead, shows snow thickness for a winter date with lapse- 
rate regression (28/02/2018) that indicates as the steepest slopes 
could be almost snow free or with a thin snow cover even in the middle 
of the winter.

The summer snow falls are accurately depicted using PlanetScope 
image classification (orange and green vertical lines), perfectly match
ing the pattern of snow thickness recorded from the AWS (dark blue line) 
as showed in Fig. 7.

Validation for SAF-corrected snow thickness shows a RMSE value of 
16.40 cm and a high R2 value of 0.9 denoting high efficiency of the 
model prediction during winter if compared with an AWS (ITEX Stelvio 
Pass). In addition, the percentage of misclassified pixels between Plan
etScope and ground observed snow cover over a period of 117 summer 
days shows a high accuracy of classification (3.4 %) (Table 2).

5.3. Ground surface temperature

Our findings reveal a statistically significant and robust variability of 
GST, as validated by field observations (R2 = 0.9 for both points, p value 
<0.05 and p value <0.1 for both points) (Fig. 8). The ground validation 
of the modelled GST was performed using data from two ground- 
measured points selected based on data completeness and elevation, 
as illustrated in Fig. 3. These points are located on the southern and 
northern slopes within the study area (refer to Fig. 1d). The high coef
ficient of determination (R2 = 0.9) shows the model’s efficacy in 
capturing GST variability during the summer period despite of a slight 
average underestimation of the modelled values in summer accounting 
for 0.45 and 0.51 ◦C for ITEX Stelvio Pass and ITEX Scorluzzo, 
respectively.

5.4. Active layer thickness

The computation of ALT has been set within the boundaries of all 
favourable conditions of permafrost according Boeckli et al. (2012) and 
results differently if ALT1 or ALT2 are applied. In particular, ALT1 
ranges between less than 1 m to more than 7.5 m, with no discernible 
correlation with altitude (Fig. 9a) with the highest occurrence (48 %) 
between 1 and 2 m range, followed by 2 to 3 m (39 %). ALT2 is less thick, 
between 1 and 2 m range (13 %) while the highest percentage (44 %) 
falls between 2 and 3 m range (Fig. 9b). The ground validation for the 
modelled ALT1 and ALT2 was carried out on nine points located in 
Fig. 1d. ALT1 shows significantly good relation following an R2 and low 
RMSE value (0.93, 0.32 m) for modelled active layer thickness with ERT 
profiles Table 3.

6. Discussion

6.1. Active layer thickness

ALT can be calculated from a variety of equations such as 
Kudryavtsev (Riseborough et al., 2008; Li et al., 2022), COUP model 
(Hollesen et al., 2011; Rasmussen et al., 2017), CryoGrid2 (Westermann 
et al., 2017a, 2017b), CryoGrid3 (Westermann et al., 2016), GIPL2-MPI 

Table 1 
Lithological classes with their conductivity, density and porosity (or WC for 
deposit) values.

Lithology Thermal 
Conductivity 
(Wm− 1 K− 1)

Density (Kg m− 3) Porosity or Water 
Content (for 
deposits) (Min- 
Max %)

Dolostone 4.5 (Guglielmin 
et al., 2018)

2700 (Arisona et al., 
2018)

0–20 (Singhal and 
Gupta, 2010; 
Jasim et al., 

2019)
Limestone 

with clay
1.9 (Manuel et al., 
2016; Miao and 
Zhou, 2017)

2380 (Schueler and 
Holland, 2000; 
Arisona et al., 2018)

0–25 (Singhal and 
Gupta, 2010; 
Jasim et al., 

2019)
Paragneiss 3.5 (Ray et al., 

2006)
2630 (Šamalikova, 
1983; Tenzer et al., 
2011)

0–1 (measured)

Mafic 
granulite

2.4 (Ray et al., 
2006)

2885 (Motta et al., 
2017)

0–1.1 (Ray et al., 
2015)

Ortogneiss 5.1 (Ray et al., 
2006)

2700 (Giacomini 
et al., 2009; Tenzer 
et al., 2011)

0–0.5 (measured)

Sandy gravel 
with soil

1.4 (Markle et al., 
2006; Manuel 
et al., 2016)

1973 (StructX 
Densities of Different 
Soil Types, 2025; 
Arisona et al., 2018)

17–54 
(measured)

Gravel blocky 
sand 
without soil

2.2 (Markle et al., 
2006; Manuel 
et al., 2016)

2219 (Schueler and 
Holland, 2000; 
Tenzer et al., 2011; 
Arisona et al., 2018)

14–40 
(measured)

Fig. 5. Spatial distribution of TDDs from modelled GSTs (a) and TDDs obtained 
through air temperatures (TDDa) multiplied by the n-factor. GSTs obtained 
from the improvement of PERMACLIM accounted for the solar radiation 
correction during summer. Areas in yellow depict higher values of TDD while 
areas in blue show lower values. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.)
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(Jafarov et al., 2012). Most of these models require a substantial number 
of site-specific parameters and many calculation parameters. This pre
requisite has impeded the advancement of methodologies aimed at 
assessing the thickness of the active layer across extensive regions and 
imposing great uncertainty making them complex for local-level studies 
(Nelson et al., 1997; Xu and Wu, 2021). Hence, Stefan’s solution is the 

simplest model that can relate ground thermal regime to climate with a 
smaller number of site-specific parameters to map ALT (Zhang et al., 
2024).

The significance of seasonal fluctuations in snow cover on the ground 
thermal regime, impacting ALT, has been well-documented (Pogliotti 
et al., 2015; Xu and Wu, 2021). Our study reinforces this finding through 

Fig. 6. Snow thickness and presence in the Stelvio area: a) lapse-rate regression snow presence map calculated for summer period (01/09/2018), b) PlanetScope 
classified snow presence map for summer period (01/09/2018) and c) lapse-rate regression snow thickness corrected with SAF and curvature effect for winter period 
(28/02/2018).

Fig. 7. Comparison between snow presence derived from PlanetScope (summer) and recorded by AWS (ITEX Stelvio Pass) (winter) for a single location at the centre 
and well representative of the study area. Green lines represent the classified presence of snow (PlanetScope), orange line shows classified value of snow absence 
(PlanetScope) and blue line depicts snow thickness in cm observed throughout the at the AWS point. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)

Table 2 
Accuracy table for a) snow presence modelled via PlanetScope classification, b) lapse-rate linear regression vs observed presence (AWS) in 2018 for a single location 
(ITEX Stelvio Pass), and c) confusion matrix of the classification method.

Misclassified days R2 Total of days Misclassification (%) RMSE (cm) Overall accuracy (%) Cohen’s K

a) PlanetScope vs AWS (summer) 4 117 3.42
b) Snow elevation regression vs AWS (winter) 0.9 247 16.4
c) Random forest classification quality (summer) 10 on 117 90–96 0.76–0.91
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modelling observations, revealing that snow cover simulated during 
both winter and summer seasons has a discernible effect on daily ground 
surface temperatures. These temperature variations serve as crucial 
input variables for ALT mapping. Moreover, our investigation un
derscores the pivotal role of ground properties in governing active layer 
dynamics (Outcalt et al., 1990; Nelson et al., 1997). Local-scale ALT 
variability is strongly influenced by factors such as water content 
(Hilbich et al., 2008) and lithological properties (Smith and Rise
borough, 2002; Hrbáček and Uxa, 2020). These findings are visually 
depicted in Fig. 9 illustrating analogous patterns of ALT variability in 
response to changes in ground properties.

Comparing ALT1 and ALT2, the former demonstrates better perfor
mance due to the integration of GST, which has been refined by ac
counting for factors such as winter snow thickness, summer snow 
presence/absence, wind effect (CCF), slope (SAF) and potential solar 
radiation. (Ponti et al., 2024).

The fact that ALT2 validation gave a higher RMSE value (1.36 m) is 
presumably due to the use of the n-factor with TDDa. Indeed, although 
this solution is widely used in absence of surface temperatures (Xu and 
Wu, 2021; Zhang et al., 2024), even a good representativeness of n- 
factors could not explain the high spatial variability of the snow cover 
duration and thickness if averaged. As a consequence, the use of an 
average n-factor is not suggested and gives worse results for ALT 
modelling as already demonstrated (Ponti et al., 2024). The number of 
ERT profiles could seem low, but it should be considered that only 

profiles belonging to the same year of the model and laying on the APIM 
has been considered. To support the apparently limited validation, the 
SSB extrapolation of ALT for 2018 (different method) indicated a value 
of 3.6 m (Table 3). The difference of 1.2 m might be large, but the 
location of SSB on dolostone with average WC of <5 % (Guglielmin 
et al., 2018) and the peculiar lower accumulation of snow on that windy 
ridge could explain the potential difference.

When comparing ALT across all permafrost APIM classes (Table 4), 
ALT2 shows a higher proportion of thinner active layers (< 3 m). 
Notably, in both ALT models, the percentage of dominant ALT classes 
increases as the permafrost probability decreases. For instance, in ALT1, 
the dominant thickness range of 2–3 m rises from 38 % in areas classified 
as present permafrost to 51 % in the less probable permafrost class. This 
outcome is expected, as the APIM framework suggests that lower 
permafrost probability typically corresponds to less favourable condi
tions for permafrost formation, which would generally imply a thicker 
active layer (Yi et al., 2018). Conversely, for 1 < ALT < 2 m the trend is 
opposite, thus less coverage of this class for low permafrost probability. 
It is likely that these 2 ALT classes could be indicators and discriminators 
of ground surface warm and cold conditions.

In our case, within each ALT class, the TDDs distribution impacts 
permafrost probability more than any other factors used in the Stefan’s 
equation as thermal conductivity, density or water content. Indeed, the 
range and mean of TDDs increase from presence to less favourable 
permafrost at each ALT class as can be seen in Table 5 and showed by the 

Fig. 8. Linear comparison graph of daily observed GST values (green solid line) at ITEX Stelvio Pass and ITEX Scorluzzo (see Fig. 1d) versus modelled values (red 
dashed line). It is possible to see that, despite a statistically significant and strong linear regression, there is a slight overall underestimation of the modelled values. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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frost number in another study (Hrbáček et al., 2020). On the other hand, 
Despite a general increase of TTDs from thinner to thicker ALT classes, 
TDDs do not always increase with increasing ALT. Indeed, in some cases 

such as ALT between 4 and 5 m in the less probable permafrost class of 
APIM and ALT >5 m in the probable permafrost class, the higher ther
mal conductivity increases the ALT despite lower TDDs (compared to 
thinner ALT classes). This pattern indicates that, especially for higher 
TDDs values, thermal conductivity becomes very relevant, and this is 
particularly challenging in the ALT modelling of the deposits because 
thermal conductivity depends not only on the mineralogical and 
petrographical properties but also on the porosity that is highly variable 
in deposits. In addition, also density increased in these classes, sug
gesting that possibly the ground heat flux can penetrate to deeper layers 
more easily at such densities of the material and higher thermal con
ductivity. However, ANOVA analysis suggests that average TDDs are not 
statistically significant in discriminating all the ALT classes (F-value =
0.9, p = 0.5). Rather, other factors contributing to the model gave a 
statistical contribution, such as Kt (F-value = 28.2, p < 0.001), soil 
density (F-value = 20.4, p < 0.001) and WC (F-value = 84.9, p < 0.001) 
(Table 5).

6.2. Advantages and limitations

Our model demonstrated that incorporating daily estimates of GST 
alongside the presence or absence of summer snow effectively mitigated 

Fig. 9. 3D Comparison map of ALT from our updated PERMACLIM model: a) ALT1: obtained through Stefan’s Equation using surface TDDs (Eqs. (3) and (4); b) 
ALT2: obtained through TDDa with n-factor and edaphic factor (Eqs. (5), and (6); c) Alpine Permafrost Index Map (APIM, Boeckli et al., 2012). Legend: blue-violet =
present; pink = probable; yellow = less probable). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)

Table 3 
Comparison of observed ALT obtained through electrical resistivity tomography 
(ERT) profiles with modelled ALT1 and ALT2. Please note that SSB corresponds 
to the closest (180 m) borehole to the study area showed in Fig. 1. The extrap
olated ALT (Guglielmin, 2006) was compared with the pixels average ALT of the 
2 models.

Point number Observed ALT (m) Modelled ALT1 (m) Modelled ALT2 (m)

ERT1 3.8 3.7 2.5
ERT2 4.1 3.9 2.8
ERT3 3.8 3.5 2.3
ERT4 3.4 2.9 2.4
ERT5 3.2 2.8 2.5
ERT6 4.1 3.6 2.6
ERT7 4.5 4.6 2.9
ERT8 4.2 3.9 3.0
ERT9 4.6 4.8 2.8

RMSE 0.32 RMSE 1.36
R2 0.93 R2 0.58

SSB 3.6 2.4 1.8
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instances of AWS failure to detect summer snowfall, thereby enhancing 
the predictive accuracy of GST and permafrost (Langer et al., 2010; 
Zhang et al., 2020). On the other hand, the high variability of cloudiness 
in this area could have altered the increase of GST respect to the air 

temperature, as it is possible to see in Fig. 8, where an underestimation is 
visible especially in the second half of summer. This is due to the fact 
that the Area Solar Radiation tool in ArcGIS presets standard values for 
the diffuse proportion, transmissivity and the diffuse model type pa
rameters. This might have deviated the potential solar radiation from 
the real solar radiation and, in a future research, the above-mentioned 
parameters should be adapted to the local cloudiness.

Furthermore, the PERMACLIM model assumes that snow thickness 
≥ 80 cm insulates the ground (Guglielmin and Testa, 2003; Ponti et al., 
2021), whereas here we did not consider thickness, rather the presence 
of snow to provide insulation in summer period. This assumption treats 
snow cover as a homogenous layer, thereby affecting the accuracy of 
ground thermal regime estimates. However, as visible in Fig. 10, the 
snow-free season have a few days with negative mean daily air tem
perature (less than 10 % at the highest elevation and averagely less than 
4 % in the rest of the area). Therefore, generally, it is possible to assume 
that the bottom temperature of the snowpack during summer is always 
around 0 ◦C because of the snow melting during the snow-free season 
(Guglielmin and Testa, 2003).

We need also to underline that a possible inaccuracy of the calcula
tion of ALT using Stefan’s equation is related to the values of thermal 
parameters when adopted from literature sources without field analysis, 
except for dolostone (Guglielmin et al., 2018). However, by adopting an 
uncertainty value of 10 % of the thermo-physical parameters, it was 
possible to run a quantitative assessment of the ALT. For the 2 validation 
points of Fig. 8 it is visible how minimizing and maximizing kt and Pb by 
10 %, a range of ALT of 2.66–3.25 (modelled value of 2.94) and 
1.98–2.42 m (modelled value of 2.19 m) is visible for ITEX Stelvio Pass 
and ITEX Scorluzzo, respectively. This is not a large difference and, 
therefore, a generous confidence interval could also be accepted for the 
data obtained by literature.

Additionally, water content calculations were based on a direct 
proportion equation with TWI with calculations only performed for 
points within 5 out of 7 lithological classes, introducing uncertainty into 
ALT estimation, even though TWI has been proved to be a key parameter 
(Pandey et al., 2023). However, a RMSE of 13.5 % seems reasonable for 
the assessment of WC through the TWI in this heterogeneous area. 
Indeed, the application of such an interval for WC would produce an ALT 

Table 4 
Spatial distribution of ALT (%) per permafrost class (a) ALT1 estimated with 
modelled TDDs and, (b) ALT2 estimated using n-factor and edaphic factor.

APIM Permafrost class ALT class Percentage (%)

a) ALT1
Present

ALT<1 0.1
1 < ALT<2 22.6
2 < ALT<3 37.8
3 < ALT<4 29.2
4 < ALT<5 9.1
ALT>5 1.2

b) ALT1
Probable

ALT<1 0.0
1 < ALT<2 6.2
2 < ALT<3 49.8
3 < ALT<4 28.8
4 < ALT<5 11.4
ALT>5 3.7

c) ALT1 Less Probable

ALT<1 0.0
1 < ALT<2 2.7
2 < ALT<3 51.3
3 < ALT<4 33.1
4 < ALT<5 10.5
ALT>5 2.4

a) ALT2
Present

ALT<1 0.0
1 < ALT<2 45.6
2 < ALT<3 44.7
3 < ALT<4 9.3
ALT>4 0.3

b) ALT2 Probable

ALT<1 0.0
1 < ALT<2 52.5
2 < ALT<3 39.1
3 < ALT<4 7.6
ALT>4 0.9

c) ALT2
Less Probable

ALT<1 0.1
1 < ALT<2 58.5
2 < ALT<3 34.9
3 < ALT<4 6.3
ALT>4 0.2

Table 5 
Ranges and mean values of TDDs and of the other parameters used in the Stefan’s equation in the case of ALT1 model: thermal conductivity (kt, W m− 1 K− 1), density 
(Pb, kg m− 3) and water content (WC, kg kg− 1) for all the classes of ALT in the different classes of permafrost according APIM. Bold ALT classes shows when the thermal 
conductivity impacts more than TDDs in the ALT definition.

APIM 
classes

ALT class 
range (m)

TDD range (◦C 
day)

TDD mean 
(◦C day)

Kt range (W 
m− 1 K− 1)

Kt mean (W 
m− 1 K− 1)

Pb range (kg 
m− 3)

Pb mean (kg 
m− 3)

WC Range (kg 
kg− 1)

WC Mean 
(kg kg− 1)

Present

< 1

38.87–820.21 170.6 1.89–4.5 2.34 2219–2700 2256.51 0.01–0.19 0.07
Probable nodata no data 2.20–2.20 2.2 2219–2219 2219 no data no data
Less 

probable 818.54–1116.26 990.9 1.89–1.89 1.89 2380–2380 2380 0.01–0.02 0.01

Present

1–2

69.50–1012.02 654.17 1.39–5.09 2.28 1973–2700 2241.38 0.02–0.2 0.07
Probable 192.31–1075.02 851.96 1.39–5.09 2.15 1973–2885 2209.07 0.03–0.13 0.06
Less 

probable
515.32–1224.59 947.85 1.39–4.5 2.19 1973–2700 2265.03 0.02–0.11 0.05

Present

2–3

38.87–1048.38 731.6 1.39–5.09 3.31 917–2885 2395.48 0.04–0.25 0.11
Probable 192.31–1095.45 910.66 1.39–5.09 2.79 1973–2885 2238.95 0.04–0.31 0.11
Less 

probable 475.87–1355.77 991.32 0.60–5.09 2.58 1973–2885 2191.68 0.04–0.23 0.11

Present

3–4

337.44–1040.77 761.24 1.39–5.09 4.22 917–2885 2659.8 0.08–0.38 0.15
Probable 433.56–1094.65 923.76 1.39–5.09 3.17 1973–2885 2506.09 0.07–0.41 0.17
Less 

probable
594.04–1326.46 995.63 0.60–5.09 2.91 997–2885 2396.25 0.07–0.34 0.16

Present

4–5

384.56–1047.08 830.53 1.39–5.09 4.69 917–2700 2695.18 0.13–0.46 0.2
Probable 452.90–1095.43 925.66 1.39–5.09 4.35 1973–2885 2657.71 0.12–0.47 0.2
Less 

probable
561.47–1276.96 970.55 0.60–5.09 4.27 997–2700 2646.14 0.12–0.46 0.19

Present

> 5

574.59–1034.86 890.38 2.20–5.09 4.66 2219–2700 2697.55 0.2–0.46 0.29
Probable 514.79–1063.48 921.4 3.5–5.09 4.61 2630–2700 2697.72 0.2–0.52 0.29
Less 

probable
632.57–1104.55 1004.99 3.5–5.09 4.57 2630–2700 2679.41 0.18–0.55 0.26
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range of 2.42–4.08 and 1.7–3.75 m for ITEX Stelvio Pass and ITEX 
Scorluzzo, respectively. This remains in line with what considered ALT 
in this sector of the Alps (Guglielmin et al., 2018; Ponti et al., 2024).

Lastly, a high-resolution Digital Terrain Model (DTM) could poten
tially improve model resolution in the future and no suitable DTM 
currently exists for the study area.

7. Conclusions

In this study, we updated the PERMACLIM model to delineate the 
ALT in the vicinity of Stelvio Pass, located in the Italian Alps. Our en
hancements include a higher temporal resolution for air temperature 
and snow cover thickness, calculated daily rather than monthly, which is 
particularly significant during the Spring and Fall. Additionally, unlike 
PERMACLIM, we included presence or absence of snow cover during the 
summer to account for cooling events that, on a monthly temporal res
olution, would not have been depicted. Even more importantly, the in
clusion of the potential solar radiation in the calculation of GST and thus 
TDDs helped to get closer to real surface temperature values that, in any 
case, could not be equal to the air temperature.

Here we demonstrated that ALT1 has better predictive accuracy, 
yielding an RMSE of 0.32 m, whereas the ALT2 1.36 m, thereby vali
dating the enhanced efficacy of TDDs instead of TDDa with n-factors. 
Our results demonstrate that the dominant ALT range (2–3 m) spatially 
increases with the decrease in permafrost favourability classes within 
APIM, correctly suggesting warmer conditions. Moreover, we found that 
generally the summer GST and therefore TDDs are the main driver of the 
ALT, although thermal conductivity can be the leading parameter 
especially for the higher TDDs values.
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Hrbáček, F., Uxa, T., 2020. The evolution of a near-surface ground thermal regime and 
modeled active-layer thickness on James Ross Island, Eastern Antarctic Peninsula, in 
2006–2016. Permafrost and Periglacial Processes 31, 141–155. https://doi.org/ 
10.1002/ppp.2018.
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