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Abstract: The land surface temperature obtained from remote sensing was widely used in the
simulation of permafrost mapping instead of air temperature with the rapid development of remote
sensing technology. The land surface freezing and thawing index (LFI and LTI), which is commonly
regarded as the ground surface freezing and thawing index (GFI and GTI), can produce certain errors
in the simulation of permafrost distribution on the Qinghai–Tibet Plateau. This paper improved
the accuracy of the thermal condition of the surface soil in the Qinghai–Tibet Engineering Corridor
(QTEC) by calculating the LFI (or LTI) and N-factors. The environmental factors affecting the spatial
distribution of the GFI and GTI were detected by the GeoDetector model. Finally, the multiple linear
relationships between the GFI (or GTI) and the environmental factors were established. The results
from 25 monitoring sites in the QTEC show that the Nf (ratio of GFI to LFI) is 1.088, and the Nt (ratio
of GTI to LTI) is 0.554. The explanatory power of the interaction between elevation and latitude
for the GFI and GTI is 79.3% and 85.6%, respectively. The multiple linear regression model with
six explanatory variables established by GFI (or GTI) has good accuracy. This study can provide
relatively accurate upper boundary conditions for the simulation of permafrost distribution in the
QTEC region.

Keywords: ground surface freezing index; ground surface thawing index; N-factors; GeoDetector;
the multiple linear regression model; Qinghai–Tibet Engineering Corridor

1. Introduction

With an average elevation of over 4000 m above sea level and a total surface area of
2.57 million km2, the Qinghai–Tibet Plateau (QTP) is the highest and largest plateau in
the world [1]. Permafrost is a common geographical phenomenon in the QTP, defined
as ground that remains frozen for two or more consecutive years [2]. Climatic records
from QTP suggest that this region might be sensitive to global warming and might result
in important environmental influences [3,4]. Studies of soil hydrothermal conditions in
recent decades have found that permafrost has degraded significantly in the QTP [5–7].
The thermal state of permafrost is a very important component for researching the impact
of climate warming in the QTP. The thawing of permafrost can have ecological impacts
and may lead to instability of construction facilities in the Qinghai-Tibet Engineering
Corridor (QTEC) [8,9]. Therefore, accurate mapping of permafrost distribution is essential
to understanding the thermal condition of permafrost on the QTP and the engineering
stability of the QTEC [10].
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Several empirical and semi-physical models have been applied to permafrost mapping
on the QTP. The distribution characteristics of permafrost on the QTP were simulated by
using the surface frost number model based on the ground surface freezing–thawing index
as input parameters [11]. The temperature at the top of the permafrost model (TTOP) has
been successfully used in many permafrost areas with its low input parameters and taking
into account the thermal conductivity of the soil [12–15].

The permafrost distribution of the QTP includes 1.06 × 106 km2 of permafrost,
1.46 × 106 km2 of seasonally frozen ground, and 0.03 × 106 km2 of unfrozen ground,
which is simulated by the TTOP model from 2003 to 2012 [16]. The active layer thickness
(ALT) is a characteristic of permafrost and has important impacts on the surface energy bal-
ance, hydrologic cycle, and carbon exchange between the atmosphere and the soil [17]. He
Stefan equation links the land surface temperature (LST) to the freezing–thawing process
of ice-containing soils, simplifying the depth calculation of soil freezing–thawing [18]. A
better performance has been shown in simulations of ALT in permafrost regions using the
Stefan equation [19,20].

The simulation of permafrost distribution should take the thermal condition of the
ground surface as the upper boundary condition, but the ground surface temperature
(GST) over the region is only available to deploy monitoring sites. Air temperature (Ta)
has been considered in permafrost mapping due to its easier accessibility compared to soil
temperature. In early studies, the air freezing index (AFI) and air thawing index (ATI)
were generally corrected to the ground surface freezing index (GFI) and ground surface
thawing index (GTI), using the N-factors, respectively [19,21,22]. With the development of
remote sensing technology, high-resolution surface temperature data can be acquired by
thermal infrared sensors. Now, MODIS and Landsat provide spatial and temporal surface
temperature readings on a global scale and are widely used in permafrost mapping [23–25].
Due to the buffering effect of ground cover such as vegetation, snow, and leaves, there is a
fundamental difference between Ta, LST, and GST, although they are closely related. Ta
usually refers to the monitoring temperature 1–2 m above the ground. LST is assumed
to be the skin temperature with most signal coming from the top canopy layer, which
is also the monitored temperature after the de-clouding process of the remote-sensing
data [26]. GST is usually considered to be the temperature in the shallow 0–10 cm of the soil
layer [27,28]. Since the freezing–thawing index has the effect of amplifying the difference
in daily average temperatures, using daily average temperatures away from the ground
surface can cause errors in permafrost mapping. LST and GST have a high correlation, and
extending the high-resolution LFI (or LTI) into GFI (or GTI) can reduce the error on the
permafrost mapping.

Spatial heterogeneity refers to the uneven distribution of attributes across a region and
is one of the main characteristics of geographical phenomena [29,30]. GeoDetector is a new
statistical method which can detect spatial heterogeneity and reveal the driving factors by
the q-value [31]. The GeoDetector is widely applied in various fields due to its advantages
in geographical statistics [32–35]. The GeoDetector model can be used to study the driving
factors of the freezing–thawing index in a relatively comprehensive way and explore the
interaction between explanatory variables and the freezing–thawing index. This model
is used to detect the spatial differentiation of GFI and GTI and calculate and analyze the
impact of various factors on it, thus providing a basis for the further analysis of the soil
thermal condition in the QTEC.

The objectives of this study were to (1) analyze the differences between LFI (or LTI)
from remote sensing and GFI (or GTI) from in situ measurement in QTEC area; (2) quantify
the relationships between GFI (or GTI) and environmental factors such as elevation, latitude,
soil type, and vegetation by GeoDetector; and (3) improve the accuracy of GFI and GTI in
the QTEC based on MODIS LST products by using the multiple linear regression model.
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2. Materials and Methods
2.1. Study Area

The study area is located in the Central Qinghai–Tibet Plateau, bounded by latitude
29◦–36◦N and longitude 90◦–95◦E (Figure 1a). The QTEC extends from Golmud, Qinghai
Province in the north, to Lhasa, Tibet Autonomous Regions in the south (about 63000
km2), which were the start and end points of several constructions (e.g., Qinghai–Tibet
Highway, Qinghai–Tibet Railway, Gas Pipiline, and Electric Transmission) (Figure 1b).
The QTEC experiences a continental climate with cold (to −30 ◦C) winters with blowing
snow and warm (to +25 ◦C) summers, almost continuous windy conditions, and widely
variable annual precipitation of 50 to about 400 mm [36]. The 25 monitoring sites, including
natural hole and active layer monitoring points, are distributed in various terrain, including
high-altitude mountains, high plains, and basins from north to south of the plateau [37].
The near-surface sediments are dominated by coarse-grained materials such as gravels
and sands [10]. The mean annual air temperatures (MAATs) were commonly between
−6.5 ◦C and −2.0 ◦C. Most parts of the QTEC were located above 4000 m a.s.l., interlacing
distribution of mountains, valleys, and basins. Vegetation in the area changes obviously
with elevation, dominated by alpine meadows and alpine steppes and sparse alpine veg-
etation [38]. The Normalized Difference Vegetation Index (NDVI) was calculated by the
maximum-value composite procedure ranging from 0 to 0.9 in the whole area.

Figure 1. Study area map: (a) map of permafrost on the Qinghai-Tibet Plateau cited from the
permafrost map by Zou et al. [16]; (b) elevation map of Qinghai-Tibet Engineering Corridor based on
90 m DEM data.
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2.2. Data Source
2.2.1. Reanalysis Datasets

Based on the analysis data retrieved from remote sensing, this study selected
10 types of data from remote-sensing datasets, namely soil moisture, LST, latitude, longi-
tude, slope, aspect, elevation, NDVI, soil type, and snow duration days (SDD). The data
of LST are using the Thermal and Reanalysis Integrating Moderate-Resolution Spatial-
Seamless LST—Tibetan Plateau [39–42], which was reanalyzed by MODIS LST and GLDAS
productions. This dataset displays high accuracy when compared with the measured data.
The Daily 0.01◦ × 0.01◦ Land Surface Soil Moisture Dataset of the Qinghai–Tibet Plateau
(2005, 2010, 2015, 2017, and 2018) was downloaded from National Tibetan Plateau Data
Center [43–45]. This dataset was downscaled from Land Surface Soil Moisture Dataset of
SMAP Time-Expanded Daily 0.25◦ × 0.25◦ over the Qinghai–Tibet Plateau Area. Vegetation
NDVI data are derived from the Resources and Environmental Science Data Center of
the Chinese Academy of Sciences [46]. Soil-type data were obtained from Harmonized
World Soil Database v1.2 (HWSD), with a spatial resolution of 1 km [47]. The HWSD soil
types are classified based on the Food and Agriculture Organization (FAO) of the United
Nations soil classification system. There are ten soil types in this study area, including
Arenosols, Anthrosols, Cambisols, Fluvisols, Gleysols, Gypsisols, Leptosols, Phaeozems,
Regosols, and Solonchaks. SDD data were extracted from daily cloud-free MODIS NDSI
and snow phenology dataset over High Mountain Asia (2000–2021) [48,49]. Details about
the datasets can be seen in Table 1. The multi-year average data were calculated and clipped.
The variables (including type variables) were resampled to 0.01◦, using nearest neighbor
interpolation. The spatial coordinates of all variables were unified into the geographic
coordinate system WGS 1984.

Table 1. Types of remote-sensing data and their sources.

Factor Dataset Time Range Resolution

LST

Data of LST, using the Thermal and
Reanalysis Integrating

Moderate-Resolution Spatial-Seamless
LST—Tibetan Plateau

2008-2020 1 km

Soil moisture
Daily 0.01◦ × 0.01◦ Land Surface Soil
Moisture Dataset of the Qinghai–Tibet

Plateau (2005, 2010, 2015, 2017, and 2018)
2010, 2015, 2017, 2018 0.01◦

NDVI
Annual Normalized Difference

Vegetation Index (NDVI) Spatial
Distribution Dataset in China

2008–2018 1 km

Soil type Harmonized World Soil Database
v1.2 (HWSD) \ 0.0083◦

SDD
Daily cloud-free MODIS NDSI and snow

phenology dataset over High
Mountain Asia

2008–2020 500 m

DEM (slope, aspect, longitude,
latitude, elevation) SRTM DEM 90 m \ 90 m

2.2.2. Topographic Data and Site Selection

The Shuttle Radar Topographic Mission (SRTM) provided digital elevation model
(DEM) data. The SRTM DEM data with a 90 m horizontal resolution were downloaded
from Geospatial Data Cloud. Topographic data, i.e., slope, aspect, and elevation, were
extracted from the DEM after resampling the DEM data to 0.01◦. The coordinates of the
centroid of the cell grid were used as the latitude and longitude of the grid.

One auto climate monitoring station was established for long-term monitoring, near
the Beiluhe Observation and Research Station of Frozen Soil Engineering and Environment.
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The 5 cm depth daily GST from 2008 to 2020 was collected to verify the differences with
LST. Ground surface temperatures (5 cm or 10 cm) of 16 natural holes were selected to
calculate the GFI and GTI. Another 9 active layer-monitoring sites also selected from “a
synthesis dataset of permafrost for the Qinghai-Xizang (Tibet) Plateau, China” [50–53].
Equipment damage caused by harsh environment leads to some data loss. The missing
data are obtained by numerical interpolation of years before and after.

2.3. Methods
2.3.1. Freezing Index, Thawing Index, and N-Factors

Freezing index or thawing index can be calculated by air temperature and ground
surface temperature. The thawing index is calculated as the sum of degree days above 0 ◦C
over the year, and the freezing index as the sum of degree days below 0 ◦C from a full year:

FI =
n f

∑
i=1
|Ti|, Ti < 0 (1)

TI =
nt

∑
i=1
|Ti|, Ti > 0 (2)

where FI and TI are the annual freezing index and thawing index (◦C·d), Ti is the daily
air temperature or ground temperature (◦C), and nf and nt are the lengths of freezing and
thawing days. The LFI and LTI were calculated by LST. The GFI and GTI were calculated
by GST.

Nf was the ratios between GFI and LFI. Nt was the ratios between GTI and LTI:

N f =
GFI
LFI

, Nt =
GTI
LTI

(3)

2.3.2. GeoDetector

Wang et al. established a GeoDetetor model based on spatial variance analysis [54].
It can detect the similarity of variables in the same area and the difference of variables
between different areas. The GeoDetector model is divided into four components: the risk
detector, the factor detector, the ecological detector, and the interactive detector. In this
work, the factor detector and interactive detector were used. The factor detector measures
the degree of spatial heterogeneity of a variable, Y, and the determinant power of an
explanatory variable, X of Y; the interaction detector reveals whether the risk factors, X1
and X2 (and more X), have an interactive influence on a response variable, Y. The interaction
types can be seen in Table 2.

Table 2. Types of interaction relationships between the two factors.

Interaction Type Description

Weaken, univariate Min(q (X1), q (X2)) < q(X1 ∩ X2) < Max(q (X1), q (X2))
Weaken, nonlinear q (X1 ∩ X2) < Min(q (X1), q (X2))
Enhance, bivariate q (X1 ∩ X2) > Max(q (X1), q (X2))
Enhance, nonlinear q (X1 ∩ X2) > q (X1) + q (X2)

Independent q (X1 ∩ X2) = q (X1) + q (X2)

The spatial consistency and heterogeneity of the dependent variable, X, and response
variable, Y, can be measured by the q-value [0, 1] in the GeoDetector. The higher similarity
between the X and Y patterns, the more sensitive X is to Y. As a result, the q-value is used
to compare the similarity of X and Y. The following equation represents the q-statistic:

q = 1− ∑L
h=1 Nhσ2

h
Nσ2 (4)
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where N and σ2 stand for the number of units and the variance of Y in the entire study
area, respectively. The study area is divided into L strata (h = 1, 2, 3, . . . , L) based on the
characteristics of the explanatory variables or determinant factors (X). Nh and σh

2 represent
the number of sample units and the variance in Y within zone h, considering factor X,
respectively. X should be stratified if it is a numerical variable, the number of strata, L,
might be 2–10 or more, according to prior knowledge or a classification algorithm [31]. In
this study, two response variables are included, namely GFI and GTI, and the dependent
variable are soil moisture, longitude, latitude, slope, aspect, elevation, NDVI, soil type, and
snow duration days.

Soil moisture, snow duration days, elevation, and NDVI were classified into 7 cate-
gories according to the natural-breaks method. Longitude, latitude, and slope were classi-
fied into 5 categories due to their narrow distribution in the QTEC. The aspect data were
reclassified into five categories according to flat (−1), shady slope (0◦~45◦ and 315◦~360◦),
semi-shady slope (45◦~135◦), sunny slope (135◦~225◦), and semi- sunny slope (225◦~315◦).

2.3.3. Statistical Model

The purpose of multiple linear regression is to clarify whether there is a linear relation-
ship between multiple variables and to be able to predict the distribution of the variables
through the model. The equation established as follows:

y = β1x1 + β2x2 + · · ·+ βnxn + u (5)

In the formula, y is the GFI or GTI; x1, x2, . . . , xn are the explaining variables selected
by the GeoDetector; β is the coefficient; and u is the constant.

3. Results
3.1. Statistical Analysis of Differences between GST and LST Obtained from Reanalyzed Dataset

The LST dataset contains two instantaneous temperatures at nighttime and daytime,
which are the same as the AQUA MODIS transit time of the pixel (1:30 at noon and 1:30
in the morning), and these times are close to the actual times of the observed maximum
air temperature and minimum air temperature. Thus, the daily average temperature can
simply be calculated from the arithmetic average of the maximum and minimum values.
To assess the differences of the MODIS LST product and GST in the QTEC, the LST data
from this dataset were compared with GST measurements based on the Beiluhe weather
station from 2008 to 2020 (Figure 2).

It is obvious that the LST and GST maintain a consistent trend of change during the
study period and most LSTs are larger than GSTs (Figure 2a). The LST and GST satisfy the
linear relation with high coefficient of determination (Figure 2b). The boxplot drawn from
13 years of data of LST and GST can clearly compare the difference of data distribution
(Figure 2c). The LST has more positive temperature days, and the daily temperature
exceeds 10 ◦C more frequently. In contrast, the GST accumulated more days with negative
temperature, and its average temperature was negative, while that of the LST was positive.
An average error of 2.6 ◦C in the daily mean temperature between the LST and GST is
allowed because the temperature of a monitoring point often cannot represent its pixel
information, especially when the spatial resolution is coarse. The errors between daily GST
and LST can cause the differences between the GFI (or GTI) and LFI (or LTI). The GFI and
LTI are greater than the LFI and GTI for all years (Figure 2d). The DFI varies from 290 to
705 ◦C·d, and the DTI varies from 385 to 793 ◦C·d. This difference will create uncertainty
in the prediction of the thermal condition of the permafrost.
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3.2. Obtain the N-Factors in the QTEC Based on Relationship between GFI (or GTI) and LFI (or
LTI) from In Situ Measurements

The GFI and GTI are important input parameters in the model of permafrost distri-
bution and thermal conditions. The accuracy of the GFI and GTI is a decisive factor in
accessing the authentic condition of permafrost. Previous studies have found a good linear
relationship between air temperature, LST, and GST, so their freezing–thawing index driven
by temperature could have a certain relationship. Generally, the GFI and GTI can only be
monitored at a single point by the temperature probe. It is hard to measure the whole area
of the QTEC, so 25 ground-surface temperature-monitoring sites along the QTEC were
used to obtain Nf and Nt. The GTI and GFI of QTEC were accessed depending on Nf and
Nt, respectively.

Figure 3a,b show the multi-year average freezing and thawing index of ground surface
and land surface of 25 sites in the QTEC and its differences. The GFI and LFI are relatively
similar, with the freezing index of most sites exceeding 1000 ◦C·d. The maximum and
minimum value of the in situ observed GFI occurs at site P17 2353 ◦C·d and Ch04 508 ◦C·d,
respectively. The site with the maximum and minimum value of the LFI is 1814 ◦C d (P2)
and 453 ◦C·d (CH04). The differences between the GFI and LFI range from 39 ◦C·d to
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1428 ◦C·d, with an average of 334 ◦C·d. There is a linear relationship between the GFI
and LFI (Figure 3c). The slope means that the Nf is approximately 1.088. The thawing
index shows a great variation among the 25 sites. The overall LTI is above 1000 ◦C·d,
with an average of 1500 ◦C·d, while the average of the GTI is 828 ◦C·d, and most are
below 1000 ◦C·d. The differences between the GFI and LFI range from 240 ◦C·d (QT05) to
1246 ◦C·d (Ch04), with an average of 672 ◦C·d. Figure 3d shows that there is a correlation
between the GTI and LTI of 25 sites and the Nt is approximately 0.554 on the QTEC.

Remote Sens. 2023, 15, x FOR PEER REVIEW 8 of 19 
 

 

3.2. Obtain the N-Factors in the QTEC Based on Relationship between GFI (or GTI) and LFI (or 
LTI) from In Situ Measurements 

The GFI and GTI are important input parameters in the model of permafrost distri-
bution and thermal conditions. The accuracy of the GFI and GTI is a decisive factor in 
accessing the authentic condition of permafrost. Previous studies have found a good lin-
ear relationship between air temperature, LST, and GST, so their freezing–thawing index 
driven by temperature could have a certain relationship. Generally, the GFI and GTI can 
only be monitored at a single point by the temperature probe. It is hard to measure the 
whole area of the QTEC, so 25 ground-surface temperature-monitoring sites along the 
QTEC were used to obtain Nf and Nt. The GTI and GFI of QTEC were accessed depending 
on Nf and Nt, respectively. 

Figure 3a,b show the multi-year average freezing and thawing index of ground sur-
face and land surface of 25 sites in the QTEC and its differences. The GFI and LFI are 
relatively similar, with the freezing index of most sites exceeding 1000 °C·d. The maxi-
mum and minimum value of the in situ observed GFI occurs at site P17 2353 °C·d and 
Ch04 508 °C·d, respectively. The site with the maximum and minimum value of the LFI is 
1814 °C d (P2) and 453 °C·d (CH04). The differences between the GFI and LFI range from 
39 °C·d to 1428 °C·d, with an average of 334 °C·d. There is a linear relationship between 
the GFI and LFI (Figure 3c). The slope means that the Nf is approximately 1.088. The thaw-
ing index shows a great variation among the 25 sites. The overall LTI is above 1000 °C·d, 
with an average of 1500 °C·d, while the average of the GTI is 828 °C·d, and most are below 
1000 °C·d. The differences between the GFI and LFI range from 240 °C·d (QT05) to 1246 
°C·d (Ch04), with an average of 672 °C·d. Figure 3d shows that there is a correlation be-
tween the GTI and LTI of 25 sites and the Nt is approximately 0.554 on the QTEC. 

 
Figure 3. N-factors analysis between the GFI (or GTI) and the LFI (or LTI) at 25 field sites: (a,c) 
differences between the GFI with the LFI and Nf, respectively; (b,d) differences between the GTI 
with the LTI and Nt, respectively. The Pearson correlation coefficient (r) was used to evaluate the 
correlation between the variables in (c) and (d). 

Figure 3. N-factors analysis between the GFI (or GTI) and the LFI (or LTI) at 25 field sites:
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The LFI and LTI obtained from remote-sensing technology were corrected to the GFI
and GTI over QTEC through the Nf and Nt (Figure 4). The distribution of the GFI and GTI
of QTEC is opposite. The areas near the north and south have lower elevation and flat
terrain, resulting in a high GTI and low GFI. In contrast, the difference between the GFI and
GTI in the central region of QTEC is insignificant, mostly in the range of 1000 to 2000 ◦C·d.

3.3. Effect of Environmental Factors on GFI and GTI in the QTEC

The nine influencing factors selected for this study were classified according to the
method presented in Section 2.3.2. The distribution diagram of various factors in QTEC
was plotted (Figure 5). Except for the lower elevation at the north and south ends, the
elevation of most areas exceeds 4000 m a.s.l (Figure 5a). The distribution pattern of snow
duration days is closely related to the elevation, and the snow mainly occurs in the high
mountains above 5000 m a.s.l (Figure 5b). Due to the intensive solar radiation on the plateau,
stable snow cannot be formed in most areas. Figure 5c shows that the average annual soil
moisture content in the QTEC regions varies from 7% to 17%, increasing gradually from
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north to south. Soil types in the QTEC are mainly Leptosols, accompanied by nine types
(Figure 5d). Leptosols often contain large amounts of gravel and are approximately equally
distributed among high mountain areas, deserts, and boreal regions, where soil formation
is limited by severe climatic conditions. Soil types often represent various physicochemical
properties of the soil. Soil types and vegetation can somewhat indicate the presence or
absence of permafrost in permafrost regions. The vegetation conditions are closely related
to shallow soil hydrothermal regime, and NDVI usually can reflect the vegetation growth.
Understanding the distribution of vegetation in the study area through NDVI could help
us obtain a general overview of soil moisture and heat conditions. The NDVI distribution
of QTEC gradually increased from the beginning to the end of the Qinghai–Tibet Highway,
with the NDVI increasing from below 0.2 in the north to above 0.6 in the south (Figure 5e).
The slope, aspect, longitude, and latitude of the study areas were reclassified into five
categories according to the optimal classification (Figure 5f–i). There is no significant
difference in the number of shady and sunny slopes on the QTEC. The terrain is gently
undulating, with slopes ranging from 0 ◦ to 27 ◦.
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The GFI or GTI of QTEC was detected by the GeoDetector, along with nine environ-
mental factors. The results of the factor detections show that the maximum q-values of GTI
and GFI were 0.650 and 0.438 (Figure 6), corresponding to elevation and latitude, respec-
tively. The influence of each factor on GFI and GTI (q-value) passed the significance test
(p < 0.01). Altitude has the highest explanatory power for GTI, which is 0.650. The q-value
of the soil type, snow cover days, and soil humidity exceeds 0.2, followed by longitude and
latitude, which are 0.194 and 0.142, respectively (Figure 6a). In contrast, the impact of nine
environmental factors on the spatial distribution of GFI in QTEC was quite different from
that of GTI (Figure 6b). A total of 43.8% (q = 0.438) of the spatial variation in GFI was caused
by latitude. Longitude can also explain the spatial change of GFI significantly (q = 0.321),
followed by NDVI (q = 0.240), snow duration days (q = 0.236), and soil moisture (q = 0.219).
Factor detection between the GFI (or GTI) and the explanatory variables selected in this
study suggested that the same factor also had different explanatory power for the GFI and
GTI. The spatial distribution of elevation is consistent with the GTI, and the temperature
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at lower elevation leads to a smaller GTI. However, the explanatory power of elevation
on the spatial distribution of the GFI is low, which might be because the GST in the cold
season is the combined effect of air temperature, snow cover, and vegetation cover. Some
studies have shown that the insulation effect of vegetation on the soil surface layer is
more significant in winter [55]. The soil type has more significant effects on the spatial
distribution of GTI, but less on GFI. In contrast, NDVI was less significant for GTI but more
significant for GFI. The explanatory powers of slope and aspect are both the lowest for GTI
and GFI, thus indicating that the spatial variation of the freezing–thawing index of QTEC
has little relationship with the slope and aspect.
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The interaction of any two factors can improve their consistency with the spatial
variation of GFI and GTI. The factor interaction module of the GeoDetector has a strong
ability to detect spatial heterogeneity and can detect the effect of the interaction of two
factors on the freezing–thawing index. As seen in Figure 6c,d, the interaction between any
two influencing factors will lead to the improvement of the GFI and GTI. The interaction of
factors contains two types. One type is the nonlinearly enhanced interaction, meaning that
the q-value of the interaction is greater than the sum of the individual factors, indicating
that their mutual enhancement is nonlinear. The other type is a bivariate enhancement
interaction with a higher q-value than the q-value of the two univariate factors, but lower
than their sum. The outcome of the factor interactions demonstrated that the two-factor
nonlinear enhancement of elevation and latitude had the greatest explanatory power
for GFI and GTI of 79.3% and 85.6%, respectively. This indicates that the annual heat
accumulation in the shallow soil layer on QTEC is mainly a superposition of elevation
and latitude. Compared with the other factors, the superposition of elevation and any
factor explained more than 66% of the spatial distribution of the GTI (q > 0.66), containing
nonlinear enhancement interaction and bivariate enhancement interaction (Figure 6c).
Figure 6d confirmed the poor explanatory power of most of the factor interactions for
the GFI. The interactions between elevation and latitude, elevation and longitude, SDD
and latitude, and SDD and longitude are the four strongest explanatory powers for the
freezing index (q > 0.6), which are nonlinear enhancement interactions. These results further
illustrate that, in the single-factor analysis, elevation is the main factor affecting the spatial
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distribution of GTI, while the pattern of GFI is that multiple factors have a common level
of influence.

3.4. Multi-Factors Quantitative Analysis of the GFI and GTI in the QTEC

To further investigate the quantitative relationship between environmental factors
and the freezing–thawing indices of the ground surface, six factors with the strongest
explanatory power (q > 0.1) for the spatial variation of GFI and GTI were selected in
this study, respectively. The six factors are latitude, longitude, NDVI, SSD, soil moisture,
elevation for GFI, and latitude, longitude, SSD, soil moisture, elevation, soil type for GTI.
Since the soil type is a categorical variable containing data for ten different soils, the
numbers 1~10 were assigned to the soil types. Multiple linear regression models were
established for all pixel elements of QTEC. The explanatory power of the equation after
the multi-factor regression was able to reach 88.8% of the variability of the GTI (Table 3),
and the coefficients of each factor passed the significance test (p < 0.01). The values of the
coefficients were all negative, indicating that there is a negative correlation between the
GTI and the six factors.

Table 3. Parameters of the multiple linear regression model constructed by GTI and explanatory vari-
ables.

Variable B (Coefficient) t Test p F test Adj-R2

Longitude −41.696 −23.587 0.00

79301.344 ** 0.888 **

Latitude −116.404 −123.328 0.00
SSD −0.181 −16.747 0.00

Soil moisture −21.447 −31.827 0.00
Soil type −10.738 −23.741 0.00
Elevation −0.985 −474.020 0.00
Constant 13677.763 95.128 0.00

** Passed the significance test (p < 0.01).

The adjusted R2 of the regression model established by GFI and its influence factors is
0.797, indicating that this regression equation can explain almost 80% of the variation in
GFI (Table 4). The longitude and NDVI showed a negative relationship with GFI, while all
other factors were positively correlated with GFI.

Table 4. Parameters of the multiple linear regression model constructed by GFI and explanatory vari-
ables.

Variable B (Coefficient) t Test p F test Adj-R2

Longitude −69.562 −25.037 0.00

39126.193 ** 0.797 **

Latitude 266.072 178.599 0.00
SSD 1.841 104.849 0.00

NDVI −523.266 −37.332 0.00
Soil moisture 84.070 45.917 0.00

elevation 0.596 180.990 0.00
constant −4994.684 −22.053 0.00

** Passed the significance test (p < 0.01).

To verify the applicability of the multiple linear regression equation, the multi-year
average freezing–thawing indices of shallow soil (5 or 10 cm) from 25 field-monitored sites
were used to compare the model results. Figure 7 shows the application of the multiple
linear regression model to the 25 monitoring sites. It is clear that the GFI and GTI calculated
by the regression equation and the measured values are consistent with each other in
terms of trend. The predicted GFIs are generally smaller than the monitored values, while
the predicted GTIs are larger than the monitored values. The equation-predicted GFI
and GTI are correlated with the monitored values. The mean absolute error of the GTI is
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236.09 ◦C·d, which is smaller than that of the GFI (327.19 ◦C·d), implying that the regression
equation model has a higher accuracy in predicting GTI than GFI. The errors may only
account for about 10%–20% of the freezing–thawing index of the site, which is also within a
reasonable range.
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4. Discussion
4.1. Differences in the Thermal Condition of the Ground Surface and Land Surface

The relationships between the atmosphere, land surface, and ground surface are highly
correlated and inextricably linked due to the intense interactions that occur between them
in the presence of solar radiation. Studies have proved that there is a strong correlation
between Ta and LST, and their correlation coefficient can even approach 1 [56]. Although
Ta and LST are generally consistent, they have large and erratic errors with GST. Because
of the insulating effects of the vegetation and snow, the daily GST and Ta are likely to be
quite different [57]. Luo et al. studied the soil thermal conditions in the source areas of the
Yangtze and Yellow rivers (SAYYR) on the QTP, showed that there was a good linear rela-
tionship between Ta with GST, and worked out a linear equation (GST = 0.72 × Ta + 1.63,
R2 = 0.8477) [22]. This study verified the correlation between LST and GST at the Beiluhe
weather station on the QTEC as GST = 0.924 × LST − 2.527, R2 = 0.897. Comparing the
coefficients of the equations, the consistency between GST and LST is higher than that
between Ta and GST, and the explanatory power of LST to GST is stronger.

GST is an indicator variable for the thermal condition of the upper boundary on
permafrost, and the GFI and GTI calculated from it were widely used to indicate the
occurrence of permafrost [14,58]. Figure 2 showed that, when the difference between the
daily GST and LST reached 2.6 ◦C, the gap of their average GFI and GTI was 430 ◦C·d and
533 ◦C·d, respectively. Figure 8 shows the average freezing index and thawing index for
2020 and 2021 in the Beiluhe weather station. The values of LFI (or LTI) and GFI (or GTI)
are closer than the AFI (or ATI). The difference between LFI and GFI is not significant due
to the distribution of gravel and sparse vegetation on the soil surface in this station. Since
Ta has the advantage of easy accessibility, Ta was corrected to the GST by the N-factors in
permafrost mapping. In previous works on the N-factors, different values were available
for different subsurface types [59,60]. Monitoring data in Northern Europe showed that
the multi-year mean Nt and Nf were 1.6 and 0.6, respectively [12,61]. In this study, the
N-factors were defined as the ratio between GST and LST, and the average Nt and Nf of the
whole QTEC region were calculated as 0.554 and 1.088, respectively. Current research has
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focused on the N-factors between atmosphere and ground surface to obtain the regional
GFI and GTI. There is a regional limitation of N-factors in this study. Due to the differences
in surface conditions and scales, the N-factors are varied in different regions. Under
natural ground conditions, vegetation and snow conditions can play a decisive role in
the N-factors. The snow and vegetation covers are the two most important local factors
influencing the difference between GST and the N-factors [19]. Relationships between
N-factors and maximum snow depth were established in Southern Norway [62]. In most
areas of the Qinghai–Tibet Plateau, continuous and stable snow cover cannot be formed.
The thermal insulation function of snow cover causes the difference of N-factors between
different areas. In the SAYYR of QTP, the Nt under dense vegetation is lower than 1, while
it is higher than 1 at sites with sparse vegetation, and the Nf values are less than 1 at all
sites [22]. In unnatural ground conditions, different constructions materials and different
combinations can also lead to changes in surface heat fluxes [63,64]. This can complicate the
local N-factors. The N-factors in this study work well throughout the large area of QTEC
but have as yet unknown variability in localized areas and other permafrost zones. With
the wide application of remote-sensing LST products, the N-factors between GST and LST
are more conducive to obtaining accurate and high-resolution thermal status of soil upper
boundary. The investigation of N-factors in the QTEC will help to improve the simulation
accuracy of permafrost and soil thermal conditions.
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4.2. Analysis of Driving Factors Affecting Spatial Distribution of GFI and GTI in the QTEC

The essence of the distribution characteristics of GFI and GTI in the QETC is the
variation of GST. The nine environmental factors that may affect the GST were selected to
explore the heterogeneity of the spatial distribution of the GFI and GTI through GeoDetector.
The results of the GeoDetector model indicate that elevation explains the variation in the
distribution of the GTI better than other factors (q = 0.650). The difference is that latitude
(q = 0.438) has the greatest explanatory power for the GFI, while elevation can only explain
less changes in the GFI (q = 0.165). This is probably because the Qinghai–Tibet engineering
facilities are mainly constructed in the relatively flat hinterland of the QTP, and elevation
changes are not significant in most areas. In summer, the Ta contributes more heat to the
GST variation due to the direct contact of the earth and atmosphere. The temperature
differences generated by altitude create a high consistency in the spatial distribution of
elevation and GTI. Conversely, erratic snow cover and violent winds in winter significantly
weaken the effect of elevation on GST [16]. Overall, the snow cover is rare, thin (<3 cm),
and has a short duration due to the strong solar radiation and wind in the vast interior and
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the Northern TP [65,66]. Latitude is an indicator of solar radiation intensity, which is the
main explanation factor of GFI because it highlights the importance of radiation to GST in
the cold season. The interaction detection from the two factors demonstrated that the GFI
and GTI in the whole QTEC were mainly influenced by the interaction of elevation and
latitude (q = 0.856 in GTI and q = 0.793 in GFI, respectively).

Multiple linear regression models between GFI (or GTI) and environmental factors
were able to quantify the effects of explanatory variables on the GFI and GTI. The data
from 25 monitoring sites showed a high correlation between predicted and observed values
after calculation by the model. The slope of the trend line is closer to 1 than the correlation
between land surface and ground surface shown in Figure 2. This indicates that the model
basically satisfies the real thermal conditions of the ground surface. The mean absolute
error (MAE) and root mean square error (RMSE) can reflect the deviation of the predicted
GFI (or GTI) from the measured GFI (or GTI). If LFI and LTI are used directly instead of
GFI and GTI without considering the difference between LST and GST, it will cause a large
error especially for GTI (Table 5). The difference in thermal conditions between ground
surface and land surface is inextricably linked to local environmental factors, and the model
built by GFI (or GTI) and environmental factors can obviously reduce the simulation errors.
These errors still exist because the monitoring sites are often not representative of the
environmental conditions within 1 km of their location. More accurate GFI and GTI can
be obtained by reducing the scale of pixels. The GFI and GTI obtained by remote sensing
may cause some simulation errors if used directly as the upper boundary conditions of
the heat-transfer model. The errors can be decreased after being corrected by using the
N-factors and multiple linear regression models.

Table 5. Errors of multiple linear regression models.

Methods MAE (◦C·d) RMSE (◦C·d)

LFI directly as GFI 334.15 482.64
GFI predicted by multiple linear regression 327.69 454.87

LTI directly as GTI 671.99 727.1185
GTI predicted by multiple linear regression 236.09 267.9592

5. Conclusions

From this study, the following conclusions can be drawn:

1. The freezing and thawing index can amplify the bias of thermal conditions between
the ground and land surface. Although there is a high correlation between LST and
GST, the error between LFI and GFI reaches 430 ◦C·d, and the difference between LTI
and GTI is 533 ◦C·d. This will lead to errors in permafrost mapping. The Nf factor
and Nt factor between GFI and LFI in the QTEC are approximately 1.088 (r = 0.36,
p < 0.05) and 0.554 (r = 0.46, p < 0.05), respectively.

2. The explanatory variables for the high consistency (q > 0.1) of the geographical
distribution of the GFI and the GTI are different. The strongest explanatory power
for the GFI is latitude (q = 0.438), followed by longitude, NDVI, snow duration days,
soil moisture, and elevation. Elevation explains 65% of the spatial variation in GTI,
followed by soil type, soil moisture, snow duration days, longitude, and latitude.
Factor interaction detection indicates that the explanatory power of any two factors
on the GFI and GTI is enhanced. The interaction of elevation and latitude have the
highest explanatory power for both the GFI and GTI, with q-values of 0.793 and
0.856, respectively.

3. Finally, the multiple linear regression equation established for the GFI (or GTI) and
environmental factors performed well at the measured sites. The error of this equation
is smaller than the error between the LFI (or LTI) and the GFI (or GTI). The N-
factors method can greatly improve the accuracy of the ground surface freezing and
thawing index.
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