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Abstract: Active layer thickness (ALT) is a sensitive indicator of response to climate change. ALT has
important influence on various aspects of the regional environment such as hydrological processes
and vegetation. In this study, 57 ground-penetrating radar (GPR) sections were surveyed along the
Qinghai–Tibet Engineering Corridor (QTEC) during 2018–2021, covering a total length of 58.5 km.
The suitability of GPR-derived ALT was evaluated using in situ measurements and reference datasets,
for which the bias and root mean square error were approximately −0.16 and 0.43 m, respectively.
The GPR results show that the QTEC ALT was in the range of 1.25–6.70 m (mean: 2.49 ± 0.57 m).
Observed ALT demonstrated pronounced spatial variability at both regional and fine scales. We
developed a statistical estimation model that explicitly considers the soil thermal regime (i.e., ground
thawing index, TIg), soil properties, and vegetation. This model was found suitable for simulating
ALT over the QTEC, and it could explain 52% (R2 = 0.52) of ALT variability. The statistical model
shows that a difference of 10 ◦C.d in

√
TIg is equivalent to a change of 0.67 m in ALT, and an

increase of 0.1 in the normalized difference vegetation index (NDVI) is equivalent to a decrease of
0.23 m in ALT. The fine-scale (<1 km) variation in ALT could account for 77.6% of the regional-scale
(approximately 550 km) variation. These results provide a timely ALT benchmark along the QTEC,
which can inform the construction and maintenance of engineering facilities along the QTEC.

Keywords: active layer thickness; ground-penetrating radar; Tibetan Plateau; permafrost; engineering

1. Introduction

The Qinghai–Tibet Plateau (QTP), also known as the Third Pole, is the largest and
highest plateau in the world with mean elevation of >4000 m above sea level (a.s.l). Approx-
imately 1.17 (0.95–1.35) × 106 km2 of the QTP is underlain by permafrost [1]. The “warm”
permafrost of the QTP, which has mean annual ground temperature typically higher than
−2 ◦C, is extremely sensitive to climate change [2]. With the recent dramatic warming
of the QTP climate [3], degradation of regional permafrost has been widely reported, in-
cluding shrinkage of the total area underlain by permafrost, thickening of the active layer,
development of thermokarst features, and surface subsidence [4–7]. Additionally, regional
warming could drive the release of large quantities of soil organic carbon from the thawing
permafrost, which might potentially act as positive feedback to climate change [8].

The active layer overlying the permafrost, which thaws in summer and freezes in
winter, is one of the main characteristics of a permafrost region [9]. Because most exchanges
of energy and mass between permafrost-affected soil and the atmosphere occur within the
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active layer, this layer has important effects on regional hydrological processes [10], vege-
tation growth [11], carbon cycling [8], and engineering construction [12]. The active layer
thickness (ALT), which is the maximum annual depth of thawing in a permafrost region, is
dominated by the characteristics of the regional climate such as the near-surface air temper-
ature, solar radiation, and precipitation and is modulated by (sub-)surface conditions such
as snow cover, vegetation cover, and soil properties [13,14]. Consequently, ALT exhibits a
high degree of spatiotemporal heterogeneity, particularly across the Qinghai–Tibet Engi-
neering Corridor (QTEC), owing to the complex regional terrain, fragile landscape, and
increasing level of human activities.

ALT along the QTEC has been investigated systematically using traditional methods
that include mechanical probing, soil pitting, and borehole drilling [15,16]. Such methods
are capable of accurate determination of ALT, but they are time-consuming and labor-
intensive processes. Moreover, difficulties associated with the logistics of physical access
and the extreme environment cause further problems when conducting investigations of
ALT. Consequently, ALT monitoring on the QTP is restricted to a limited number of sites
that tend to be located near highways and/or railways. Remote sensing techniques, by
contrast, can facilitate ALT estimation in remote locations and at broad spatial extents.
Interferometric synthetic aperture radar (InSAR) is one such technique that has been used
to estimate ALT over many permafrost environments, but it is still in a developmental
stage and its uncertainties are poorly constrained due to a lack of in situ subsidence
measurements [17,18]. Numerical simulation methods can capture long-term changes in
ALT, but they require substantial volumes of atmospheric and (sub)-surface input data that
are unavailable for the QTP [19].

Geophysical imaging methods represent suitable alternatives for effective investigation
of ALT in mountains using a high number of samples [20]. Ground-penetrating radar (GPR)
is a noninvasive geophysical method suitable for studies on permafrost because of the
large contrast in electromagnetic properties between liquid water and frozen soil [21,22].
Consequently, GPR has been applied successfully to high-accuracy investigations of ALT
in permafrost areas with talik development, thermokarst development, and engineering
activities [20,23–30].

In this study, we used GPR to systematically investigate ALT along the QTEC over
a sample section with total length of 58.5 km. We analyzed the spatial variation of ALT
along the QTEC at large and fine scales, and investigated the influence on ALT of key
climatological and geophysical factors. We established and validated a simple statistical
model suitable for ALT estimation over the QTEC.

2. Study Area

The study area, located in the hinterland of the QTP, extends from Xidatan to Ando
(32.53◦–35.62◦N, 91.6◦–94.06◦E) and covers an elevation range of 4500–5200 m a.s.l. The
climate of the study area is semiarid and controlled mainly by the westerlies and the
Indian monsoon [31]. The climatological mean annual air temperature (1998–2010) ranges
from approximately −7.1 to −1.8 ◦C [32]. Annual precipitation, which is approximately
200–600 mm [33], is concentrated during May–September and shows gradual increase
spatially from the northwest to the southeast. Characteristic land cover types include
alpine swamp meadows, alpine meadows, alpine grasslands, and alpine deserts with
prevalent areas of bare ground [34].

Permafrost underlies most of the study area except for riverine and tectonic geother-
mal taliks, and the mean permafrost zonation index (PZI) is approximately 0.75 ± 0.21
(Figure 1). Note that a high PZI value indicates conditions more favorable for the existence
of permafrost. Ground ice is relatively rich in the gentle slopes of low mountains and
hills, high plains, valleys, and basins [35]. With the rapid economic development of the
region, many important examples of infrastructure connecting eastern and western areas
have been constructed in permafrost regions along the QTEC, including the Qinghai–Tibet
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Highway built in 1954 [35], an oil pipeline constructed in 1977, the Qinghai–Tibet Railway
built in 2007, and high-voltage transmission towers erected in 2011.
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Figure 1. Study area and locations of measurement sites surveyed during 2018–2021 overlaid on the
permafrost zonation index (PZI) map. The permafrost distribution was taken from [1]. A high PZI
value means conditions more favorable for the existence of permafrost. NDVI: normalized vegetation
difference index.

Long-term monitoring has revealed substantial permafrost degradation along the QTEC,
which could damage such infrastructure. During 1981–2010, ALT along the Qinghai–Tibet
Highway increased by approximately 0.39 m, and the average temperature increased by
approximately 2.3 ◦C [32]. Thermokarst lakes, which are widely distributed in the region, are
increasing in terms of both number and area. For example, during 1991–2020, the number of
thermokarst lakes increased by 3808 and the total lake area increased by 77.78 km2 [36].

3. Dataset and Methods
3.1. ALT from GPR Measurements

For this investigation we used the GPR system developed by MALA Geoscience (Swe-
den). Previous studies in the QTP reported that mean ALT in the region is approximately
2.4 m [37]; therefore, 100 MHz antennas were selected to detect the depth of thaw. We used
a so-called rugged terrain antenna system and a pair of unshielded antennas (Figure 2). The
rugged terrain antenna is a unique in-line, all-in-one, GPR antenna design that provides
improved performance for deeper penetration. Its design allows it to be deployed easily
and efficiently even on the most difficult and uneven terrain, thereby substantially reducing
investigation time and labor costs. The transmitting and receiving antennas of the rugged
terrain antenna are (RTA, see Table A1 in Appendix A for all abbreviations) connected
together with a separation distance of 2.2 m. We set the samples of GPR as 1026, the
sampling frequency to 1020 MHz, and the pulse width to 10 ns. GPR traces were received
every 0.2 s, allowing a detection depth of approximately 30 m. The GPS position of each
GPR section was recorded with typical accuracy of 1–3 m. The unshielded antennae were
employed for common midpoint (CMP) measurement to obtain the electromagnetic wave
velocity within the active layer, which allows for the conversion of GPR traces from time
delay to distance (see details in Section 3.1.2). CMP surveys were conducted in parallel
with the GPR profiling. During the CMP surveys, we progressively moved the transmitting
and receiving antennas at a distance of 0.05 m to obtain the wave velocity; we moved the
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antennas approximately 50–60 times. GPR data were collected during three field campaigns
in mid-October 2018 (9 sections), late August 2020 (27 sections), and early September 2021
(21 sections) for a total of 57 survey sections. The GPR investigation was conducted every
10 km along the central transect of the study area; the location of each GPR section is
illustrated in Figure 1.
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Figure 2. Ground-penetrating radar investigation modes with two different antennas: (a) 100-MHz
shielded rugged terrain antenna, and (b) 100-MHz unshielded antenna.

3.1.1. GPR Data Processing

We estimated the permafrost table and subsurface wave propagation velocity based
on observed differences in the bulk electromagnetic properties of the subsurface soil
units [21,38] and verified our GPR estimates using mechanical probing measurements and
reference data. Pre-processes were required to remove noise raised from air in the raw GPR
section and to enhance the desired electromagnetic wave signal due to backscatter from
subsurface dielectric interfaces. Neal [22] provided an in-depth discussion on GPR data
processing, and we conducted similar procedures, as illustrated in Figure 3. All steps in the
flowchart were implemented using Reflexw 7.5 software (http://www.sandmeier-geo.de/
reflexw.html (accessed on 12 October 2020)).
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3.1.2. Velocity and ALT

To estimate the ALT, the average velocity of the radar wave in the active layer is
required to convert two-way travel time (TWTT, ns) to depth. The TWTT increases as the
distance between the transmitting and receiving antennas increases. Consequently, the
reflection horizon of the base of the active layer has a hyperbolic pattern. Figure 4 presents
an example of the remarkable difference in wave velocity between the air wave, surface
wave, and active layer. The average wave velocity (v, m.ns−1) throughout the active layer
was estimated as follows:
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where v (m ns−1) is the average wave velocity, x1 (m) and t1 (ns) are the position of the
transmitting antenna and the reflection horizon TWTT at that position, respectively, and
x2 (m) and t2 (ns) are the position of the receiving antenna and the reflection horizon TWTT
at that position, respectively. We calculated the active layer thawing depth as follows:
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√
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where t is the TWTT and x is the separation of the transmitter and the receiver (constant at
2.2 m for the RTA). We estimated the ALT for each GPR section based on Equations (1) and (2).
Figure 5 presents an example ALT estimation, where the base of the active layer exhibits a
pronounced reflection horizon.
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3.2. ALT from In Situ Measurements and Reference Datasets

Mechanical probing is a method whereby a graduated metal pole is inserted into the
active layer until the point of refusal is encountered as well as the freeze–thaw interface.
When conducted shortly before the autumn refreeze of the active layer, this thaw depth
is approximately equal to the ALT. This method is suitable for use in areas with fine
soil and shallow ALT (typically, ALT < 2 m), such as the North Slope of Alaska (https:
//ipa.arcticportal.org/products/gtn-p/calm). The QTP, in contrast, has large soil particles,
complex lithology, and a deep active layer, making mechanical probing impracticable in
much of the study area. To test the accuracy of the GPR data, we used a 1.36 m mechanical
probe and a tape measure to measure the ALT at the edge of thaw slumps, where the
thaw depth was sufficiently shallow. The spatial distribution of the mechanical probing
measurement sites is shown in the upper-left corner of Figure 1.

To comprehensively evaluate the GPR-derived ALT estimations, we used two existing
high-resolution (i.e., 1 km) ALT datasets as reference. The first dataset was produced by
Niu et al. [39] based on numerical simulation, i.e., the GIPL2.0 permafrost model. The
second dataset from Ran et al. [40] is based on a statistical learning model driven by a large
number of in situ observational data. Previous studies reported that the reference datasets
have a root mean square error (RMSE) of 86.93 ± 19.61 cm. We selected three evaluation
indicators, i.e., bias, mean absolute error (MAE), and RMSE, to evaluate the ALT estimated
by GPR [41]:

Bias =
1
n

n

∑
i=1

(ALTg − ALTv) (3)

MAE =
1
n

n

∑
i=1

∣∣(ALTg − ALTv)
∣∣ (4)

RMSE =

√
1
n

n

∑
i=1

(ALTg − ALTv)
2 (5)

where n is the sample size, ALTg is the value estimated using GPR, and ALTv is the value of
the validation data.

3.3. Potential Controlling Factors of ALT

ALT is affected by many topoclimatic factors via changing near-surface atmospheric
conditions and land–atmosphere water–heat exchange. For statistical testing and for
prediction of ALT over the QTEC, we selected three topoclimatic factors: land surface
temperature (LST), normalized difference vegetation index (NDVI), and soil bulk density
(SBD). Among them, LST plays a crucial role in directly affecting the soil thermal regime
and hence ALT [42]. We selected SBD to approximately represent the soil properties, such
as soil moisture and soil organic content, which determine the heat transfer in the active
layer [43]. Vegetation has the function of isolating soil and environmental conditions; hence,
it affects the surface energy balance [44].

MODIS land surface temperature with a spatial resolution of 1 km was used for
LST, as MODIS LST has been successfully applied in permafrost studies over the QTP
[45,46]. The MODIS LST dataset provides reliable representation of the land surface
thermal regime; however, the dataset has numerous missing values of daily LST ow-
ing mainly to interference from clouds. In this study, we used the daily LST dataset of
[47]. It is based on a decomposition model of the LST time series, and successfully merges
reanalysis LST and thermal infrared remote sensing data to resolve the problem of missing
values. Verification of the measured data at the station shows that the RMSE of the dataset
is 1.03–2.28 K under the condition of clear sky and 2.24–3.87 K under non-clear-sky con-
ditions [47]. The LST dataset is available from the National Tibetan Plateau Data Center
(http://dx.doi.org/10.11888/Meteoro.tpdc.270953 (accessed on 31 August 2022)).

https://ipa.arcticportal.org/products/gtn-p/calm
https://ipa.arcticportal.org/products/gtn-p/calm
http://dx.doi.org/10.11888/Meteoro.tpdc.270953
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Based on the approximate Stefan solution, ALT can be estimated as a linear function
of the ground thawing index (TIg) [48]:

TIg =
Nt

∑
i=1

LST, LST > 0 ◦C (6)

where TIg (◦C.d) is the sum of the accumulated LST (◦C), and Nt (d) is the number of days
when LST was >0 ◦C. The NDVI was extracted using Sentinel-2A data downloaded from
the European Space Agency (https://scihub.copernicus.eu/ (accessed on 12 September
2022)), with a spatial resolution of 50 m. The original 10 m resolution NDVI product was
bi-linearly interpolated to 50 m resolution to avoid heavy requirement in storage volume.
SBD data were downloaded from the SoilGrids system (https://soilgrids.org/ (accessed on
30 May 2022)), which provides seven standard depths (i.e., 0, 5, 15, 30, 60, 100, and 200 cm)
with 250 m spatial resolution [49]. We needed to extract corresponding control factor
information from these data. However, owing to inconsistency in resolution, we finally
adopted the corresponding average value of each GPR, which is analyzed in Section 3.3.
The NDVI was estimated from the near-infrared spectroscopy (B8 with 833 nm) and red
spectroscopy (B4 with 665 nm) of Sentinel-2 during 2016–2021:

NDVI =
NIR − R
NIR + R

(7)

where NIR and R represent the near-infrared and red spectral bands, respectively. The
annual maximum NDVI was computed for each year during 2016–2021 to approximately
represent the vegetation coverage, and then a median value of the annual maximum for
each pixel was calculated over the entire period to avoid sensitivity to extreme values. The
median of the annual maximum NDVI was used as a predictor variable within the ALT
statistical model.

3.4. Statistical Model of ALT

Permafrost is widely distributed over the QPT, but the distribution, extent, and physi-
cal characteristics of this permafrost are modulated by a variety of geophysical and topocli-
matic variables. Cao et al. [20] established a statistical linear model with three topoclimatic
factors that approximately represent the near-surface air temperature, solar radiation, and
soil properties of the northeastern QTP. This model reasonably yet simply explains the
spatial variation of ALT at the regional scale. For the QTEC, it is fundamentally difficult to
accurately estimate subsurface information. Due to the general flat and low slope condi-
tion of the QTEC, slope and aspect likely play a minimal role in modulating permafrost
distribution. For these reasons, we modeled ALT along the QTEC with a statistical model
dependent upon three topoclimatic variables:

ALT = α1.
√

TIg + α2.SBD + α3.NDVI + β (8)

where α1, α2, and α3 represent the slope of the statistical model for each controlling factor,
and β is the model intercept. These empirical coefficients were fitted based on the mea-
surements. Before using the statistical model expressed as Equation (8), we evaluated the
degree of collinearity between the variables and then selected the variance inflation factor
(VIF) [50]:

VIF =
1

1 − R2 (9)

where R2 is the coefficient of determination:

R2 =
∑ (ypre − y)2

∑ (y − y)2 (10)

https://scihub.copernicus.eu/
https://soilgrids.org/
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where ypre is the predicted value, y is the measured value, and y is the mean value of y.

4. Results
4.1. Evaluation of ALT from GPR

Overall, 57 GPR sections (total length: 58.5 km) were surveyed during 2018–2021.
The length of the individual GPR sections was in the range of 0.38–2.03 km, with mean
length of 1.03 km. The GPR sections were distributed reasonably uniformly along the
QTEC (Figure 1), with an average distance of separation of approximately 10 km. The
elevation of the GPR sections was in the range of 4500–5200 m, and the latitudinal extent
was 32.53◦–35.62◦N, thereby representing the spatial variation of ALT over an elevation
difference of approximately 680 m and a latitudinal difference of 3.09◦.

The probability density distribution of the ALT derived from GPR is shown in
Figure 6a. Our measurements revealed strong spatial variation of ALT over the QTEC.
The mean ALT of the 57 GPR sections had a range of 1.25–6.70 m, with mean and median
values of ALT of 2.49 ± 0.57 and 2.46 m, respectively, during 2018–2021. The value of ALT
was mainly concentrated between 1.25 and 4.00 m, accounting for 98% of the total 57 GPR
sections. Among them, 66% (20%) of the measurements were distributed in the range of
2–3 m (1.25–2.00 m). These sections were located in mountainous areas with relatively poor
drainage and high soil moisture. The ALT of approximately 12% of the sections was in
the range of 3–4 m, and values of ALT of >4 m accounted for 2% of the total, which were
distributed at the edge of the permafrost area with a mean PZI of 0.57 ± 0.14.
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Figure 6. (a) Histogram depicting the proportion of active layer thickness (ALT) derived from ground-
penetrating radar (GPR) and evaluation datasets, and (b) evaluation of ALT measured by GPR. The
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(25%) to Q3 (75%). The validation datasets comprised in situ measurements and reference datasets
from [39,40] and are shown as the aggregated mean and range of Q1 to Q3. MAE: mean absolute
error, RMSE: root mean square error.

The GPR-derived ALT was evaluated using 11 mechanical probing measurements and
182 reference ALT data. The density distribution curves for the measured and evaluation
ALT data are shown in Figure 6a for comparison. Despite slight deviation, the overall
pattern of distribution is consistent with close median values of ALT (i.e., 2.46 m vs. 2.67 m).
The GPR-derived ALT is presented in Figure 6b for evaluation purposes. The results
indicate that the ALT derived from GPR measurements is comparable with that based on
in situ observations and evaluation datasets, with overall bias and RMSE of −0.16 and
0.43 m, respectively. The verification results show that our GPR-derived ALT data have
high accuracy, which means that they can be used to represent the spatial distribution of
ALT along the QTEC.
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4.2. Spatial Variability of ALT

The mean ALT of each GPR section together with the standard deviation are shown
on a shaded relief digital elevation model in Figure 7. The ALT shows strong spatial
variation along the QTEC. Shallower ALTs are mainly distributed in the Kunlun Mountains,
Wudaoliang, Fenghuo Mountains, and Tanggula Mountains with higher elevations of
4730–5130 m. For example, the mean elevation of sites with ALT of <2 m is approximately
4910 ± 150 m. Greater ALTs are derived near the Budongquan area, Tuotuo River, and
Tongtian River. These areas are characterized by flat terrain, lower elevation, and developed
water systems. Consequently, there is a clear relationship between ALT and elevation, i.e.,
shallower ALT is generally found in areas of higher elevation.
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Figure 7. Spatial distribution of active layer thickness (ALT) of each ground-penetrating radar (GPR)
section along the Qinghai–Tibet Engineering Corridor. The aggregated mean ALT of each GPR section
is shown with the standard deviation (point size).

At each GPR section, the range of ALT standard deviation is approximately 0.07–1.2 m
with a mean of 0.23 ± 0.17 m, indicating strong spatial heterogeneity of ALT at the fine
scale (i.e., <1 km). The GPR sections with large standard deviation of ALT are in areas
where the geomorphic units and vegetation types change markedly, as well as at the limit
of the permafrost. The greatest standard deviation of ALT was found in the Tuotuo River
area (34.25◦N, 92.47◦E), where the GPR investigation was conducted around the talik. The
variation of ALT of each GPR section grouped by TIg is shown in Figure 8. It is clear that the
fine-scale variation is remarkable even under similar land surface thermal conditions. For
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example, the ALT variation under a TIg range of 1000–1500 ◦C.d accounts for approximately
76.6% of the overall change.
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4.3. Influencing Factors of ALT Variation
4.3.1. Effect of Individual Factors on ALT

The correlations among the controlling factors of
√

TIg, SBD, and NDVI, together
with their VIFs, are listed in Table 1. While most of the factors are correlated,

√
TIg

and NDVI were found to be not correlated (p > 0.05). This is thought to be the case
because the vegetation of the QTP is controlled mainly by precipitation rather than by
temperature [51,52]. The factor

√
TIg is positively correlated with SBD (r = 0.40, p < 0.01),

and NDVI is negatively correlated with SBD (r = −0.45, p < 0.01). Although correlation
exists between these two groups of variables, the correlation is weak. The VIF of each of
the three variables is <1.5, indicating lack of obvious collinearity between these factors. For
this reason, these three controlling factors can be considered to independently explain the
variation of ALT, and thus are used to establish the linear statistical model.

Table 1. Correlation between the various influencing factors of ALT.

Factors
√

TIg SBD NDVI VIF√
TIg 1 - - 1.19

SBD 0.40 ** 1 - 1.46
NDVI −0.13 −0.45 ** 1 1.25

Note: **: p < 0.01.

The individual and combined relationships between ALT and the controlling factors of√
TIg, SBD, and NDVI are shown in Figure 9. Our results indicate that these topoclimatic

factors have remarkable influence on ALT with significant relationships (i.e., p < 0.01), and
thus they can be used to explain the changes in ALT. It is unsurprising that

√
TIg has a

strong positive relationship with ALT because ALT is dominated by the thermal state of
the soil (R2 = 0.36). The statistical model shows that a difference of 10 ◦C.d in

√
TIg is

equivalent to a change of 0.67 m in ALT. The SBD affects the ALT through change of the
thermal properties of soil (i.e., thermal conductivity), and it can explain approximately 30%
(R2 = 0.30, p < 0.01) of the variation in ALT. This is also reflected in Figure 9d, which shows
that a greater value of SBD typically leads to a greater value of ALT for the same value of
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√
TIg. Vegetation is expected to cool the ground by reducing incoming solar radiation and

releasing heat through evaporation. Our results show that NDVI has negative correlation
with ALT, which can explain 15% (R2 = 0.15, p < 0.01) of the variation in ALT. The model
coefficients indicate that an increase of 0.1 in NDVI is equivalent to a decrease of 0.23 m in
ALT, which is equivalent to a decrease of 3.4 ◦C.d in

√
TIg.
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Figure 9. Relationship between active layer thickness (ALT) and the controlling factors of (a) the
ground thawing index (

√
TIg), (b) soil bulk density (SBD), (c) normalized difference vegetation index

(NDVI), and (d) the combined topoclimatic influences.

4.3.2. Statistical Model for ALT Estimation

The combined influences of the three selected topoclimatic factors were investigated
using the linear statistical model (Figure 10). The intercept and coefficient values of each
predictor of the statistical model are listed in Table 2. Our results indicate that the model
well represents the spatial variability of ALT with values of R2 = 0.52, RMSE = 0.39 m, and
bias of near zero (BIAS = 0.003). The p-values for the coefficients of

√
TIg and SBD are

<0.01, and the p-values of the coefficients of NDVI and the intercept are <0.05, indicating
that the model is significant. The ALTs predicted by the model and the ALTs measured
using GPR are generally distributed near the 1:1 line. The error is mainly attributable to
insufficient consideration of factors that influence ALT, e.g., peat content and soil moisture
in the active layer. The final statistical model outperformed the model constructed with a
single predictor. Thus, the developed statistical model based on GPR measurements can be
used to predict the spatial variation in ALT along the QTEC.
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(SBD), and normalized difference vegetation index (NDVI).

Table 2. Multifactor statistical model parameters for ALT estimation.

Factors Model Parameter Coefficient√
TIg α1 0.051 **

SBD α2 0.047 **
NDVI α3 −1.26 *

Intercept β −5.09 **
Note: *: p < 0.05; **: p < 0.01.

5. Discussion

GPR is a fast, low-cost, and nondestructive technique that has proven suitable for
extensive investigation of permafrost at regional and fine scales [53]. Our results revealed
strong spatial variation in ALT along the QTEC; however, it is expected that such variation
was underestimated because a single CMP-derived velocity was applied to the entire GPR
section. Earlier studies reported that the velocity could vary considerably owing to the
changes in soil moisture and soil texture [54–57].

Additional uncertainties arose in relation to the investigation period. The annual
maximum melt depth (i.e., ALT) occurs around October, or at the time of onset of freezing.
However, 27 of the 57 GPR sections surveyed in this study were performed in late August
2020, when the

√
TIg value was approximately 79–82% of its maximum value (Figure 11).

For this reason, the active layer thawing depth derived in 2020 did not reflect the maximum
value, which led to underestimation of the ALT in 2020 and an overall negative bias
(−0.16 m, Figure 6). Other uncertainties might also have been introduced from the reference
datasets for our validation, especially at the fine scale. For example, Ran et al. [40] estimated
ALT with an RMSE of 86.93 ± 19.61 cm and resolution of 1 km. This will affect our judgment
on the accuracy of ALT estimated by GPR.

The reasonable agreements between the GPR-derived ALT and both the in situ mea-
surements and reference datasets indicate the suitability of GPR data for use in investigation
of ALT. However, the in situ measurements are limited to 11 samples derived by MP due to
measurement difficulties. In addition, the ALTs from MP measurements are restricted to a
shallow range of 1.48–2 m. For these reasons, the ALTs from GPR were not fully evaluated
and further systematic evaluations are recommended in the future. Additionally, GPR
is extremely sensitive to pipes, fiberoptic cables, and metal objects [58–60]. In this study,
strong signals associated with metal objects related to engineering activities were some-
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times superimposed on the permafrost information, making ALT identification impossible.
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The processing of GPR data is highly empirical even though commercial software is
available. For example, removal of the air wave requires accurate determination of the
interface between the air and the soil layer. The processing of such data using different
methods will introduce uncertainty regarding the interface, thereby affecting the accuracy of
the extracted ALT. Similarly, determination of the active layer base requires rich experience
to minimize subjectivity.

6. Conclusions

In this study, we comprehensively investigated the ALT along the QTEC during
2018–2021 using the GPR method. The GPR measurements were evaluated using in situ
measurements and reference datasets. We then analyzed the spatial variability in ALT and
its controlling topoclimatic factors, i.e., LST, SBD, and the NDVI, at regional and fine scales.
The derived conclusions are summarized in the following.

1. The value of ALT shows considerable spatial variability along the QTEC, with a range
of approximately 1.25–6.70 m and mean of 2.49 ± 0.57 m. Approximately 66% of the
estimated ALT values were in the range of 2–3 m, 20% were in the range of 1.25–2.00 m,
12% were in the range of 3–4 m, and the remaining 2% of ALT values were >4 m.

2. At the fine scale (i.e., <1 km), ALT shows obvious spatial heterogeneity with standard
deviation in the range of 0.07–1.20 m. The variation in ALT was significant in areas
where the geomorphic unit and vegetation changed remarkably. The variation in
ALT at the fine scale could account for approximately 76.6% of the overall spatial
variability at the regional scale, indicating the importance of understanding ALT at
the fine scale.

3. Observed ALT is mainly controlled by the soil thermal regime, soil properties, and
vegetation. The topoclimatic factors of

√
TIg, SBD, and NDVI can be used as suitable

predictors for estimating the variation in ALT along the QTEC.
4. GPR is a fast yet low-cost method that is suitable for investigation of permafrost in

complex terrain. Our results elucidated the spatial distribution of ALT along the
QTEC, which could represent a useful benchmark for understanding the change in
ALT in a warming climate.
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Appendix A

Table A1. The table of abbreviations. Abbreviations and units used in this article.

Abbreviation Full Name Unit

ALT Active layer thickness m
GPR Ground-penetrating radar -

QTEC Qinghai–Tibet Engineering Corridor -
QTP Qinghai–Tibet Plateau -
TIg Ground thawing index ◦C.d
PZI Permafrost zonation index -
RTA Rugged terrain antenna -
CMP Common midpoint -

TWTT Two-way travel time ns
RMSE Root mean square error m
MAE Mean absolute error m
LST Land surface temperature ◦C
SBD Soil bulk density cg/cm3

NDVI Normalized difference vegetation index -
VIF Variance inflation factor -
Q1 Lower quartile of boxplot -
Q3 Upper quartile of boxplot -
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