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Abstract: Permafrost is degrading on the Qinghai-Tibet Plateau (QTP) due to climate change.
Permafrost degradation can result in ecosystem changes and damage to infrastructure. However,
we lack baseline data related to permafrost thermal dynamics at a local scale. Here, we model
climate change impacts on permafrost from 1986 to 2075 at a high resolution using a numerical
model for the Beiluhe basin, which includes representative permafrost environments of the QTP.
Ground surface temperatures are derived from air temperature using an n-factor vs Normalized
Differential Vegetation Index (NDVI) relationship. Soil properties are defined by field measurements
and ecosystem types. The climate projections are based on long-term observations. The modelled
ground temperature (MAGT) and active-layer thickness (ALT) are close to in situ observations.
The results show a discontinuous permafrost distribution (61.4%) in the Beiluhe basin at present.
For the past 30 years, the permafrost area has decreased rapidly, by a total of 26%. The mean ALT has
increased by 0.46 m. For the next 60 years, 8.5–35% of the permafrost area is likely to degrade under
different trends of climate warming. The ALT will probably increase by 0.38–0.86 m. The results
of this study are useful for developing a deeper understanding of ecosystem change, permafrost
development, and infrastructure development on the QTP.
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1. Introduction

Climate warming rates at high latitudes and high altitudes are greater than the global average [1–3].
This warming has produced many changes to the cryosphere, including the permafrost, as evidenced
by permafrost temperature increases and positive trend of the active-layer thickness [4]. Most future
projections with climate models suggest continuous warming, which will further induce a reduction of
the global permafrost by between 30% and 70% until 2100 [5]. Permafrost degradation is likely to have
wide-ranging influences on surface and subsurface hydrologic conditions, soil strength properties
and ecosystems [6]. The Qinghai-Tibet Plateau (QTP) is the largest lower latitude permafrost region
in the world. During the last decades, permafrost warming has been widely reported, according
to the measurements of permafrost temperatures in boreholes on the QTP [7–10]. Changes in the
active-layer thickness and permafrost temperature due to climate warming affects infrastructure,
ecosystems [11,12], and the stability of slopes [13] on the QTP. Ongoing climate change and its
associated effects on ground thermal dynamics, and natural hazards make it important to assess spatial
permafrost thermal dynamics on the QTP. Presently, the available permafrost thermal maps (ground
temperature, and active-layer thickness maps) are mainly at low resolutions or do not assess the
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permafrost dynamics over time [14–17], although many permafrost maps have been compiled since
the early 1960s [18]. In addition, some promising empirical approaches are limited by methodology,
assumptions and availability of true ground information. Therefore, improved methods for modeling
spatial permafrost thermal dynamics at the local scale are essential for land use decisions, ecological
impact assessment, and providing robust boundary conditions for climate models on the QTP.

Numerical permafrost models based on conductive heat transfer have proven to be powerful
tools for estimating the spatial thermal distribution of permafrost and its changes following climate
change [19–21]. These models require detailed input data, such as surface meteorological variables,
and soil thermal parameters, to simulate and forecast the thermal regime of permafrost over a relatively
short time interval at a high resolution. Input datasets can be derived from a number of sources,
for example, in situ measurements of soil temperature and air temperature, and satellite data which
has been extensively used in permafrost modeling [22–25].

The study area for this paper is the Beiluhe basin in the central QTP (Figure 1). This basin is
a significant region for permafrost research on the QTP, including the permafrost temperature [26],
thermokarst lake dynamics [27,28], and carbon dioxide and methane feedback [29]. Therefore,
the permafrost’s extent and characteristics and its response to climate change are of major concern,
but the present knowledge is still very limited. In this region, detailed in-situ measurements of
meteorological variables and the ground temperature are readily available [26,30], so that the area
constitutes an ideal region to assess the performance of thermal permafrost modeling at the local scale.
The objectives of this study are (i) to develop an approach to model and map the permafrost thermal
regimes at a high spatial resolution; and (ii) to further investigate and quantify permafrost thermal
dynamics with climate change.
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station and the validation sites.

2. Methods and Data

2.1. Study Area and Field Data Acquisitions

The study area (around 130 km2) is in the Beiluhe basin, which is located in the central QTP
(Figure 1). This region is relatively flat, with an average elevation of 4628 m a.s.l. This study area is
dominated by discontinuous permafrost in an extremely continental climate [14], with a mean annual
air temperature (MAAT) of –3.4 ◦C and annual total precipitation of 369.8 mm, over 90% of which
falls as rainfall during summer [26]. The mean annual ground temperature (MAGT) is between –1.5
◦C and 0 ◦C, and the active-layer thicknesses (ALT) ranges from 1.4 m to 3.4 m [26]. According to
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detailed investigations by Yin et al. [26], this area can be classified into 10 ecotypes, which have
distinctly different characteristics regarding their surface and subsurface properties, such as vegetation
cover, water bodies and ground ice contents (Table 1). There are five vegetation types in this region:
swamp meadow, undisturbed alpine meadow, degrading alpine meadow, alpine steppe, and desert
and sparse grassland.

Table 1. Ground surface type and associated soil type in the study area [26].

Class ID Surface Type Soil Texture Class ID Vegetation Soil Texture

1 Swamp meadow Fine sand 6 Sparse grassland Sand with gravel
2 Undisturbed alpine meadow Fine sand 7 Bare ground Stone and gravel
3 Degrading alpine meadow Fine sand 8 Water body –
4 Alpine steppe Sand with gravel 9 Water –
5 Desert alpine grassland Sand 10 Bare ground Aeolian sand

Four major field data sources are used for this study. One is the thermal boreholes across this
region (2006–2016), reported by Yin et al. [26], which provide general information about the permafrost
temperature and ALT, geology, geomorphology, and soil hydrology. The ALT is calculated based on
the 0 ◦C isotherm of the ground temperature. The second one is a detailed ecosystem classification
of the area, using supervised classification method with high-resolution satellite images (Gao fen-1,
2.0 m resolution). The third is the available climate station in this study, which provides general
information about the climate (Figure 1b). It records the air temperature (2.0 m above the ground
surface) and ground surface temperature every 4 h and has done so for a very long time for a long period
(1956–2018). Lastly, soil thermal properties were measured using a portable thermal characteristic
analyzer (KD 2 Pro, Washington, DC, USA), with an accuracy of 95% for the volumetric heat capacity
(C), 95% for the thermal conductivity (k), and 90% for the thermal diffusivity (D). In a companion
study [26], we have shown the field data details and the method of ecosystem classification.

2.2. The GIPL 2.0 Ground Thermal Model

In this study, we make use of the GIPL 2.0 numerical transient model, which is capable of
representing the freezing and thawing cycle. This model has been successfully applied to the entire
Alaskan [19] and the QTP permafrost region [15]. The ground temperature is calculated by solving
the 1-D heat transfer equation, accounting for the phase change of soil water. Heat conduction is
assumed as the only process of energy transfer in the model. The volumetric content of liquid water
with temperature is the unfrozen water content characteristic curve and it depends on soil composition
and structure. The model does not account for changing subsurface water contents, but instead assigns
fixed values for the porosity and saturation of each grid cell. The detailed description of this model
can be found in Jafarov et al. [19] and Tipenko et al. [31]. The code of the GIPL 2.0 model is available
on the GitHub website: https://github.com/Elchin/GIPL.

2.2.1. Model Setting and Boundary Condition

At 2.0 m spatial (horizontal) resolution, the soil and ground profile domain are generated with
139 vertical finite elements to a depth of 100 m. The size of the cells increases with depths with a
minimum grid cell spacing of 0.1 cm for shallow soils and maximum spacing of 10 m at the bottom.
The soil profile includes fibrous horizons, mineral soils, and bedrock. The upper boundary conditions
are determined on time series of the near-surface air temperature, and the lower boundary conditions
are defined based on a geothermal gradient of 0.07 ◦C m−1, as estimated from a deep borehole [32].

https://github.com/Elchin/GIPL
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2.2.2. Forcing Datasets and Model Initialization

GIPL 2.0 requires a synthesized time series of daily near-surface air temperature as the forcing
data sets. Allowing for the effects of the surface conditions on the surface energy balance, the simplistic
n-factor is used to predict the ground surface temperature (Equation (1)) [33,34].

Ts =

{
n f Tair, if Tair < 0
ntTair, if Tair ≥ 0

(1)

The n values for all vegetation classes are derived from 17 sites measuring daily air and ground
surface temperatures (2012–2016) [26]. During winter, the nf values for swamp meadow, undisturbed
alpine meadow, degrading alpine meadow, alpine steppe, and desert grassland are set at a constant of
0.5, 0.7, 0.5, 0.6, and 0.6, respectively [26]. As shown in Figure 2, there is a strong correlation between
annual mean nt values and Normalized Differential Vegetation Index (NDVI) values based on in situ
measurements. For each 2.0 m grid cell, the month mean NDVI value is determined from a 0.8 m
spatial resolution multi-spectral Gao fen-2 image at noon local time from 1 August to 31 August 2016;
this period is based on a cloud free day. The summertime nt is simulated based on the NDVI of each
grid cell using Equation (2).

nt = 19.65NDVI2
− 17.07NDVI + 4.78 (2)

The forcing data cover a period from 1956 to 2017. Generally, a pronounced increase in air
temperature and precipitation started after the 1980s. It is reasonable to presume the climate was steady
for a long time before the 1980s [26]. Therefore, the permafrost around the 1980s is assumed to be in
equilibrium. To estimate a realistic initial temperature profile, the model is spun up using a repeated
30-year period from 1956 to 1985 with a soil temperature profile (Ti). Ti is obtained by extrapolating
the present available initial ground temperature profiles to the region using Kriging interpolation.
In order to evaluate the permafrost dynamics, the target periods are divided into five ranges, i.e.,
1986 to 1995, 1996 to 2005, 2006 to 2015, 2016 to 2045, and 2046 to 2075. For the next 60 years, a sine
function with a constant warming rate for the future near-surface air temperature change is assumed.
We consider two warming scenarios with the rates of 0.015 ◦C yr−1 and 0.065 ◦C yr−1. The value
of 0.065 ◦C yr−1 represents the average rate of temperature increase, based on field air temperature
observations from 1980 to 2017. The value of 0.015 ◦C yr−1 represents the average rate of increase over
the next 60 years based on the objective of the Paris climate agreement [35,36]. In this study, the near
surface air temperature is assumed to be uniform across the study area.
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2.2.3. Subsurface Properties and Model Parameters

Three soil layers are distinguished according to field investigation [26]. Most of the region is
covered by sand and sandy loam with gravel (near surface layer). We define subsurface stratigraphy
(intermediate layer) as clay. The bottom mineral layer is defined as rock for the entire study area.
Similar to Zhang et al. [21] and Nicolsky et al. [22], we employ the ecosystem types interpreted by
Yin et al. [26] to parameterize the thermal properties of the soil texture, excluding rivers and lakes.
Based on this ecotype map, we distinguish five soil texture categories as the predominant subsurface
stratigraphy within the study area (Table 2). The 2.0 m resolution land cover map delineates local-scale
ecosystems that partition geomorphic, hydrologic, pedologic, and vegetative characteristics of the
land. Therefore, after combinations of the land-cover types and mineral soil types are decided, ground
thermal properties for each cell are defined based on the field measurements (Table 2).

In addition, the near surface conditions (vegetation, landscape) and underground (soil condition)
are assumed to be constant during the simulation periods, as the land cover map was made from Gao
fen-1 and Gao fen-2 images which can only be acquired from 2015 and 2016.

Table 2. Parameter values used in ground temperature simulations in each ecotype for each soil
layer given. VWC = volumetric water content (fraction of 1); UWC = unfrozen water coefficients;
Ct/Cf = thawed/frozen volumetric heat capacities; kt/kf = thawed/frozen thermal conductivities.

Soil
Layer VWC

UWC C (106 J m−3) K−1) K (W m−1 K−1)
Depth (m)

a b Ct Cf kt kf

Swamp Meadow

Sand 0.20 0.07 −0.17 3.1 1.5 1.5 0.9 0–1
Clay 0.18 0.12 −0.15 2.5 1.9 1.7 2.2 1–10
Rock 0.04 0.01 −0.1 3.25 2.48 2.7 3.1 >10

Undisturbed Alpine Meadow

Sand 0.18 0.07 −0.17 3.1 1.5 1.6 2.4 0–2
Clay 0.17 0.12 −0.15 2.5 1.9 0.7 1.4 2–10

Bedrock 0.04 0.01 −0.10 3.25 2.48 2.7 3.1 >10

Degrading Alpine Meadow

Sand 0.06 0.037 −0.14 2.8 2.2 1.3 1.6 0–2
Clay 0.12 0.12 −0.15 2.5 1.9 1.3 1.6 2–10
Rock 0.04 0.01 −0.10 3.25 2.48 2.7 3.1 >10

Alpine Steppe

Sand
with

gravel
0.12 0.037 −0.14 2.8 2.2 1.3 1.6 0–3

Clay 0.12 0.12 −0.15 2.5 1.9 0.6 1.0 3–10
Rock 0.04 0.01 −0.1 3.25 2.48 2.7 3.1 >10

Desert Grassland

Sand 0.1 0.05 −0.17 3.1 1.5 1.3 1.6 0–5
Clay 0.12 0.12 −0.15 2.5 1.9 0.6 1.0 5–10

Rock 0.04 0.01 −0.1 3.25 2.48 2.7 3.1 >10

2.2.4. Model Calibration and Validation

Site-based calibration and validation is conducted for different vegetation covered areas. As shown
in Section 2.2.2, the model is initialized using the climate data in 1956 and then the model is run
from 1956 to 2016. The outputs of the model are compared with field observations based on the
data availability (2002–2016). An iterative procedure is applied to recalibrate the parameters until a
satisfactory goodness of fit between the observed and modelled soil temperatures is obtained.
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Figure 3 shows the comparison between simulated and measured daily ground surface
temperatures at different sites. The correlation coefficients (R2) are generally above 0.9. Table 3
shows the statistical analysis related to the comparison between the simulations and the observations
at different depths. The statistics indicate that the simulated MAGTs are close to the field observations.
Most of the R2 values are above 0.9, and the mean absolute errors (MAE) are generally below 1.0 ◦C.
A scatterplot of simulated and observed ALTs (30 sites) shows a good correlation (R2 = 0.87), although
there are some bias errors (mean bias error < 0.25 m) in different geomorphological units (Figure 4).
Therefore, the simulated ALT and MAGT are in good agreement with the in situ measurements,
indicating the validity of the GIPL 2.0 model for obtaining the ALT and permafrost thermal state in
this study.
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Table 3. Statistics of the measured and simulated mean annual ground temperature (MAGT) at different
depths. ME = mean error; MAE = mean absolute error; RMSE = root mean square error; R2 = coefficient
of determination; N = day.

Site Depth (m) R2 ME MAE RMSE N

Swamp Meadow

0.3 0.95 0.8 1.1 2.4 708
3.0 0.92 0.1 0.1 0.3 708
5.0 0.93 0.1 0.1 0.2 708

10.0 0.94 0.0 0.1 0.2 708

Undisturbed Alpine Meadow

0.3 0.98 0.8 1.1 2.4 708
3.0 0.98 0.1 0.1 0.3 708
5.0 0.97 0.1 0.1 0.2 708

10.0 0.93 0 0.1 0.2 708

Degrading Alpine Meadow

0.3 0.98 −0.5 0.8 1.8 712
3.0 0.95 0.0 0.2 0.2 712
5.0 0.95 0.0 0.1 0.0 712

10.0 0.73 0.0 0.0 0.0 712

Alpine Steppe

0.3 0.88 1.1 0.6 1.2 708
3.0 0.90 0.8 0.8 0.5 708
5.0 0.92 0.3 0.2 0.1 708

10.0 0.9 0.1 0.1 0.2 708

Desert Grassland

0.3 0.95 −0.1 0.6 0.8 697
3.0 0.85 0 0.1 0.1 697
5.0 0.92 0 0.1 0.1 697

10.0 0.92 0 0.1 0.1 697

3. Results

3.1. Present Permafrost Distribution

Figures 5 and 6 present the modeled average ground temperatures (MAGT) and active-layer
thickness (ALT) for the period of 2006–2015 at a grid resolution of 2.0 m, excluding the water bodies.
The MAGT values are relatively high as modelled mostly between −2.0 ◦C and 0 ◦C. The lowest
MAGTs (< −1.5 ◦C) are found in the swamp meadow and undisturbed alpine meadow areas, and the
highest MAGTs with a temperature above 0 ◦C are found in the alpine steppe and desert grassland
areas. For alpine meadow (i.e., undisturbed alpine meadow and degrading alpine meadow) areas, the
relatively warm MAGTs, ranging from −1.5 ◦C to 0 ◦C, are modeled. Considering a MAGT = 0 ◦C
as the threshold for permafrost occurrence, the permafrost covers about 61.4% (81 km2) of the study
area, excluding rivers and lakes (8.8% of the area). Therefore, the permafrost extent in our study
is discontinuous (underlying 50–90% of the landscape). Generally, permafrost areas with a colder
MAGT have relatively thinner ALTs, while the areas with warmer MAGTs are covered by thicker ALTs
(Figure 6). In swamp meadow and undisturbed alpine meadow, average ALTs of less than 2.0 m are
modeled, while degrading alpine meadow features ALTs of 2.0–3.0 m. For alpine steppe and desert
grassland where sporadic permafrost exists, the modeled average ALTs generally range from 2.0 m to
4.0 m.

3.2. Historic and Future Permafrost Development in a Warming Climate

Figures 7 and 8 depict the spatial distribution of the MAGT and ALT for the periods of 1986–1995,
1996–2005, 2016–2045, and 2046–2075, respectively. Figure 7a,b shows the evolution of the permafrost
temperature during the past 20 years. In the 1990s (i.e., 1986–1995), permafrost existed in most area
(occupying about 86.3% of the region, Figure 8b), with most MAGT values being < −1.5 ◦C (Figure 8a).
The permafrost area extent decreased rapidly by 26% to 60.3% in the 2000s (i.e., 1996–2005) (Figure 8b).
The area covered by MAGT values of < −2.0 ◦C has disappeared over the last 30 years. Given the
variations of climate change in the next 60 years, the overall area covered by MAGT values of <0 ◦C is
going to decrease at different rates. According to the simulations, in the following 30 years and 60
years: (i) if the climate continues with the current warming trend (0.065 ◦C yr−1), the area covered by
permafrost will decrease rapidly to 40.4% and 25.3%, respectively; while (ii) if the climate warming rate
is going to be lower (0.015 ◦C yr−1), the area covered by permafrost will slightly decrease to 64.7% and
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51.8%, respectively. MAGT changes will be much more pronounced within the areas covered by colder
permafrost (MAGT< −1.5 ◦C) in comparison with areas where the permafrost temperature is presently
close to 0 ◦C. The modeled average ALT for the permafrost domain also shows a significant response
to scenarios of climate change (Figure 9). As shown in Figure 10, in the last 30 years, the ALTs have
been modeled as generally 1.0–1.5 m in the swamp meadow and undisturbed alpine meadow areas,
and 1.5–2.0 m in degrading alpine meadow areas. For the desert grassland and alpine steppe, the ALTs
range from 2.0 m to 3.0 m. On average for the entire region, the ALT increased by 0.46 m from the 1990s
(i.e., 1986–1995) to the 2010s (i.e., 2006–2015). The major changes in ALT occurred in degrading alpine
meadow. From the 2010s to the end of the 21st century (2046–2075), the average ALT will increase by
0.38 m and 0.86 m under the scenarios of 0.015 ◦C yr−1 and 0.065 ◦C yr−1, respectively (Figure 10).
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4. Discussion

4.1. Model Uncertainties

In this study, the spatial n-factors and soil thermal parameters are scaled up from point observations
by using high-resolution satellite images. The ground surface temperature is driven from the
air temperature based on an NDVI versus n-factor relationship (Equation (2)). One of the major
uncertainties is related to this relationship, although this approach has been applied in recent permafrost
modeling studies [33,34,37]. The summer n-factor (nt) had large variations even in a short time scale
and among different ground surface types, and the winter n-factor (nf) had a relatively smaller variation
with the time series [26,38]. In this study, we acknowledge that the quantitative error of using this
relationship (Equation (1)) to represent the historic and future period is not able to be analyzed due to
the lack of long-term available field data and robust prediction of ecosystem dynamics. However,
Hipp et al. [34] analyzed the bias error caused by n-factor variations, and indicated that a carefully
verified n-factor is a good representation of the long-term average n-factor. This study is focused on the
seasonal or multi-annual average ground temperature (i.e., MAGT) and ALT. In addition, employing
the n-factor rather than more physical or quasi-physical approaches can reduce the sensitivity of the
model to the parameters [39]. The good agreement of the modelled results with the measured MAGT
and ALT makes us confident that the simplistic n-factor approach is valid in the model runs.

Another major uncertainty is the information about the soil thermal parameters which may differ
within an ecosystem type. In this study, both soil water and ice content are assumed to be constant,
neglecting both long-term changes in the water cycle and lateral variations. Ground thermal properties,
especially related to hydrogeologic ones, are proven to be the main source of model uncertainty
regarding modeled permafrost temperature and thaw depth at a local scale [22,40,41]. Lateral heat
flux or subsidence due to ground ice melt can modify the ground thermal regime [42]. Changes in
vegetation composition due to soil water condition change driven by permafrost thaw are widely
observed in permafrost domain [43–45]. Additionally, climate change and human disturbances have
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significant impacts on vegetation conditions and permafrost thermal regimes [46]. These complex
interactions between climatic, hydrologic, thermal, and disturbance factors make it extremely difficult
to project how surface and sub-surface conditions may respond in the future. The application of
high-complexity and dynamic model is still a challenge.

Nevertheless, the modeled results reasonably well represent the long-term average dynamics of
the spatial MAGT and ALT, according to the comparison with the observed values (Figure 3; Figure 4).
Moreover, in most areas across the Beiluhe basin, the near-surface material is dominated by sand or
coarse gravel-sand and the soil water content is relatively low (Table 2) [26]. Thus, the effect of water
flow or the lateral heat transfer seems unimportant or restricted in most flat regions, excluding the area
beside water bodies. In addition, details on the sensibilities and the uncertainties of the GIPL2.0 model
can be found in Nicolsky et al. [22,47] and Qin et al. [15].

4.2. Comparison with Other Observations and Results

Recent studies have mapped the permafrost distribution across the QTP at different spatial
resolutions. Zou et al. [17] used the TTOP model to simulate the permafrost distribution (40%).
Qin et al. [15] applied the GIPL permafrost model to analyze the permafrost thermal conditions.
The result showed that 33.21% of the QTP is covered by permafrost, with an average ALT of 2.3 m.
Wu et al. [16] analyzed the permafrost thermal condition and ice content using a numerical permafrost
model. The modeled average ALT was 3.23 m with a MAGT of −1.56 ◦C. It is less meaningful to
compare our results to these studies at regional scale, however, our results can give more detailed
spatial information about permafrost thermal dynamics at a high resolution (i.e., local scale) with
climate change. A direct comparison of our result to the permafrost thermal map, which was compiled
using a clustering approach [26], is conducted. The differences (6.4%) mainly distribute over the
drainage channels such as beside the river region. Our result shows that there is permafrost beside the
river region, but this is on the contrary based on the field observations (Figure 5). The lateral heat
transfer in this region cannot be ignored.

Overall, compared to previous studies on the QTP, the permafrost modelling approach used in
this work integrates remote sensing products and gives a far more detailed assessment of possible
permafrost development with climate change at the local scale. The result is more suitable for
land-use planning, such as engineering projects, and ecosystem assessment associated with permafrost
degradation under a changing climate.

4.3. Permafrost Change at the Local Scale

The last 30 years have seen an increase of air temperature and precipitation by about 0.06 ◦C yr−1

and 5.8 mm yr−1, respectively [26]. Ongoing climate warming and wetting have led to significant
degradation of permafrost [4]. Our model patterns of MAGT and ALT show that spatial permafrost
degradation is different among different ecosystem units. As shown in Figure 7, permafrost will
probably remain more stable in swamp meadow and undisturbed alpine meadow areas under a
warming climate. However, areas alongside rivers and streams covered by desert grassland tend to
have warm permafrost and are much more sensitive to any warming or disturbance. During the last
30 years (1986–2015), major changes have occurred in the cold ground temperatures due to latent
heat for melting. Major permafrost degradation is to be expected by the end of the 21st century
under current climate changing trend. Permafrost degradation has led to changes in geomorphology
(e.g., thermokarst lakes) [28], surface and subsurface hydrologic conditions [48], and soil strength
properties which may result in geotechnical problems and potential hazards on the QTP [13,49].
The approaches used in this study give detailed permafrost thermal dynamic maps, which can serve as
an up-to-date baseline to assess permafrost development and infrastructure planning in the future.
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5. Conclusions

In this study, the GIPL 2.0 permafrost model is applied to a permafrost area (the Beiluhe basin),
where a large number of field datasets are available for model validation. Results of this model provide
an insight into spatial permafrost thermal dynamics from 1986 to 2075 at the local scale. From this
study, the following conclusions can be drawn:

1. The ecosystem types derived from high resolution satellite image provide a reliable and efficient
way to scale up the ground thermal parameters and improve the resolution of the model. The GIPL
2.0 model gives a valid picture of the permafrost thermal distribution at 2.0 m spatial resolution.
Present permafrost is discontinuous and occupies about 61.4% of the study region, excluding
rivers and lakes. MAGT values generally range from −2.0 ◦C and 0 ◦C, but vary with ecosystem
types. The modeled ALTs are highly related to the MAGT.

2. The model results suggest that the permafrost area has decreased rapidly, by 26% since 1986. The
mean ALT is modeled to have increased by 0.46 m. According to two climate scenarios, degradation
of permafrost is suggested to occur throughout the next 60 years in most regions. A total of
8.5–35% of the area will be involved in widespread permafrost degradation. In the meantime, the
average ALT will probably increase by 0.38–0.86 m.

Finally, the findings of this research contribute mainly to improving the general knowledge about
permafrost thermal dynamics at a local scale for the QTP. Past, present and possible future developments
of ground temperature and thaw depth have geomorphologic and geotechnical implications, which is
valuable information for the government for infrastructure planning and natural hazard prediction.
Additional research, in particular taking into account high-resolution satellite products on ground
thermal properties and coupling with the results from the dynamic ecosystem model, is necessary to
quantify possible spatial permafrost changes.
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