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ABSTRACT
In high mountainous areas, the development and distribution of alpine permafrost is greatly affected by macro- and micro-topographic factors. The effects of latitude, altitude, slope, and aspect on the distribution of permafrost were studied to understand the distribution patterns of permafrost in Wenquan on the Qinghai-Tibet Plateau. Cluster and correlation analysis were performed based on 30 m Global Digital Elevation Model (GDEM) data and field data obtained using geophysical exploration and
borehole drilling methods. A Multivariate Adaptive Regression Spline model (MARS) was developed to simulate permafrost spatial distribution over the studied area. A validation was followed by comparing to 201 geophysical exploration sites, as well as by
comparing to two other models, i.e., a binary logistic regression model and the Mean Annual Ground Temperature model
(MAGT). The MARS model provides a better simulation than the other two models. Besides the control effect of elevation on
permafrost distribution, the MARS model also takes into account the impact of direct solar radiation on permafrost distribution.
Keywords: permafrost distribution model; Multivariate Adaptive Regression Splines; Qinghai-Tibet Plateau; permafrost

1. Introduction
Permafrost is a geological entity that has evolved as a
result of an exchange of matter and energy between the
Earth and atmosphere with multiple impacts of regional
geographic conditions, geologic structure, lithology, hydrology, and topographic characteristics. Permafrost is sensitive to environmental changes (Cheng and Zhao, 2000). The
characteristics and distribution of permafrost in cold regions
seriously affect the stability of embankment engineering
constructions (Li et al., 2009); thus, an accurate survey and
mapping of permafrost distribution are critical to designing
and planning any engineering construction. The traditional
method of mapping permafrost is mainly based on field
survey data with the map completed by professional people

indoors (Guo et al., 1981; Stocker-Mittaz et al., 2002). Thus,
the traditional method requires much labor and time. With
the development of Geographical Information System (GIS)
and Remote Sensing (RS), a number of permafrost distribution models have been developed for different regions at
different spatial scales. Theoretically, permafrost distribution
models can be catalogued into two groups: process-oriented
models and empirical-statistical models (Hoelzle et al., 2001).
Process-oriented models involve a more detailed physical
representation of energy fluxes between atmosphere and permafrost, for example, PERMEBAL (Lunardini, 1998; Smith
and Riseborough, 1998; Hoelzle et al., 2001), PERMACLIM
(Guglielmin et al., 2003), and the one-dimensional permafrost
evolution model (Li et al., 1996). On the other hand, empirical-statistical models do not consider the process of energy
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exchange and the specific mechanism between atmosphere
and permafrost in detail (Julián and Chueca, 2007). In recent
years, empirical-statistical models have been used extensively, for example, PERMAKART (Keller, 1992; Imhof,
1996), PERMAMOD (Frauenfelder et al., 1998), equivalent
latitude model (Jorgenson and Kreig, 1988), direct radiation
model (Funk and Hoelzle, 2006), frost index model (Nelson
and Outcalt, 1987; Anisimov and Nelson, 1996; Nelson and
Anisimov, 2006), TTOP (Riseborough, 2002; Juliussen and
Humlum, 2007), BTS (Ishikawa and Hirakawa, 2000;
Isaksen et al., 2002; Antoni and Ednie, 2004; Hoelzle, 2006;
Riseborough et al., 2008), and a logistic regression derivation
(Jason, 2005; Li et al., 2009).
In China, permafrost is distributed mainly on the Qinghai-Tibet Plateau (QTP) and the Da- and Xiao-Hinggan
mountains. The former is the highest permafrost underlain
area in low-latitude regions, with a permafrost area of
1.5×106 km2 (Zhou et al., 2000). Due to physically harsh
environmental conditions, such as high elevation, low air
temperature, large diurnal temperature range, and strong
solar radiation on the QTP, it is extremely hard to collect
survey data. The data condition can not sufficiently support
process-oriented models. By contrast, empirical-statistical
models, such as the elevation model (Cheng and Wang,
1982; Cheng, 1984), equivalent elevation model (Sheng et
al., 2010), and Mean Annual Ground Temperature model
(MAGT) (Wu et al., 2000, 2001; Nan et al., 2002) have
been used extensively in this area.
Previous studies have indicated that latitude, longitude,
and elevation are the main factors governing the development and distribution of permafrost on the QTP (Wu et al.,
2000; Zhou et al., 2000; Nan et al., 2002). In high-latitude
areas with extensive permafrost distribution, for example, in
the Alps, Scandinavia, Japan, Spain, and Canada, elevation
and solar radiation contribute importantly to the development and distribution of alpine permafrost (Gruber and
Hoelzle, 2001; Heggem et al., 2005; Etzelmüller et al., 2006;
Julián and Chueca, 2007). Similarly, when we study the
permafrost distribution on the high elevated QTP, not only
the controlling factors but also the local factors which may
greatly affect solar radiation, should be taken into account.
In terms of methodology, linear regression methods were
used to analyze the spatial distribution of permafrost, assuming a linear relationship exists between permafrost occurrence and environmental factors. However, the relationship is naturally nonlinear, so statistical methods based on
such relationships can hardly produce an accurate permafrost distribution map. Another form of regression method,
the Logistic Regression method (LR), has been used to simulate the spatial distribution of permafrost in the Qilian
Mountains (Li et al., 2009), on the eastern QTP. However, in
nature logistic regression it still uses a linear function of the
predictors to model the probability of outcome.
The Multivariate Adaptive Regression Spline model
(MARS) is a non-linear, non-parametric regression method,
with a generalization capability specifically for strong high-

dimensional data, proposed by the statistician Jerry Friedman
(Friedman, 1991). Since the 1990s, MARS has been used
widely and successfully for predictive and simulation efforts,
such as land cover classification (Quirós et al., 2009), fire
responses to changing climate (Balshi et al., 2008), and species distribution (Leathwick et al., 2005; Elith and Leathwick,
2007). MARS is better suited to model situations that include
a number of variables, non-linearity, multicollinearity, and/or a
high degree of interaction among predictors (Munoz and Felicisimo, 2004). However, so far, MARS is rarely used to
study permafrost distribution, although it looks suitable as
permafrost existence is a result of comprehensive effects of
climatic conditions and geographical factors.
This study aims to evaluate the effects on the distribution
of permafrost of macro- and micro-factors which are selected using statistical cluster and correlation analysis. The
Wenquan area of the eastern QTP is used as the study area
where MARS is used to predict its spatial distribution patterns of permafrost. Finally, the simulations from MARS
and two other models, namely, the LR and MAGT models,
are evaluated. This study shows that MARS presents more
advantages on its applicability in mapping permafrost distribution on the QTP.
2. Study area
Wenquan is located in the southeastern part of the QTP.
Administratively, it extends across the four counties of Xinghai, Maduo, Dulan, and Maqin, which belong to the Hainan
Tibetan Autonomous Prefecture and the Guoluo Tibetan Autonomous Prefecture in Qinghai Province, western China
(Figure 1a). Elevations in the study area range from 3,430 m
to 5,300 m above sea level, with an average of 4,327 m. Two
high and steep mountain ranges, the Ela and Jiangluling
mountains, are situated in the study area in a northwest–southeast direction. The Qing-Kang Road traverses
through the area in a northeast–southwest direction. There are
two basins, the Wenquan Basin and the Kuhai Basin, with
lower elevations and flat terrains (Figure 1b). The nearby meteorological Huashixia station reports average annual temperature of −3.2 °C and annual precipitation between 500 and
600 mm (Chou et al., 2009). According to a field investigation in 2009, the study region is dominated by alpine grassland, meadow, and swamp meadow, and smaller areas of
alpine shrub. Alpine meadow and alpine swamp meadow
are mainly distributed in low mountains and water-filled
depression areas. Alpine grassland is distributed mainly in
the high plains. Alpine shrubs are distributed mainly in the
northern slopes of Ela and Jiangluling mountains where
evaporation and solar radiation intensity are weak.
Wenquan is a typical transition area between permafrost
and seasonally frozen soil on the QTP. Permafrost investigations in this region had been conducted during the period of
reconstruction of the Qing-Kang Road in the 1990s and
2004, providing information in regards to the distribution
and characteristics of permafrost in this region.
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Figure 1 Location map of the study area (a) and sampling plot locations (b)

3. Data processing

directions (Li et al., 2009).

3.1. Data and processing methods

3.2. Cluster and correlation analyses

A field investigation, being one of a series of ongoing
permafrost surveys on the QTP, has been carried out in
Wenquan from September 12 to October 20, 2009. Ground
Penetrating Radar (GPR) and borehole drilling were used in
this survey. About 130 transects with 626 sampling points
were set with an interval of 2 m along transects for the GPR
method. The coordinates and elevations of points were recorded with a portable GPS. GPR was used to gather permafrost information during the survey. Data were collected
using the Common Offset and Common Midpoint methods.
According to the information obtained from GPR in combination with expertise, the depth of permafrost table and the
lower elevation limit of permafrost could be determined
approximately. Besides, 21 boreholes were drilled in this
region (Figure 1b) to verify the performance of the GPR
method. Elevation, latitude and longitude, borehole depth,
permafrost table, surface conditions, and soil properties about
every borehole were recorded in detail. Both GPR and drilling
methods provide necessary data to support this study.
Topographic parameters, including elevation, slope, aspect, and curvatures, on the surveyed locations and the entire
area were computed from a 30 m resolution Advanced
Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) Global Digital Elevation Model (GDEM) provided by the International Scientific Data Service Platform,
using the surface analysis procedure from ARCGIS. Solar
radiation was calculated using Solar Analyst, an extension to
ArcView GIS 3.2 (Fu and Rich, 1999). Solar Analyst takes
into account influences of latitude, elevation, slope, surface
orientation, shadows cast by surrounding topography, daily
and seasonal shifts in solar angle, and atmospheric attenuation. With this model, potential direct short-wave solar radiation (PSR) over each month, each season, and the whole
year of 2009 was calculated every 0.5 hour using 32 horizon

The 2 m interval between points was much closer than
that necessary for permafrost detection and might bring unnecessary redundancy. A cluster analysis is needed to select
points that are more representative. Cluster analysis assigns
a set of objects into groups (called clusters) so that the objects in the same cluster are more similar (in some sense or
another) to each other than to those in other clusters. The Q
type cluster analysis was used and the nearest neighbor
method was chosen to analyze a total of 647 points (from
GPR and drilling) with 425 sample points remaining after
cluster analysis.
One or several factors may play dominant roles in permafrost occurrence. To analyze the linear association of permafrost with local factors, a binary state representing permafrost
presence (1) or non-presence (0) was set. Screened data from
425 points were analyzed, and the results are presented in
Table 1. The most significant relationship was found between
the binomial existence of permafrost and elevation with a
correlation coefficient of 0.35 at the 0.01 level, showing a
strong positive correlation between elevation and permafrost
presence. A higher altitude means higher possibility of permafrost existence. In low-latitude regions elevation becomes
dominant for affecting permafrost distribution. PSR was
shown to have a negative significant relation with permafrost existence (at significance level of 0.01). This finding
was consistent with the knowledge that direct incident radiation and soil temperature are significantly positively correlated. The higher the potential of solar radiation is, the higher the permafrost temperature is. Because PSR for June on
the QTP was the highest, a near zero correlation coefficient
with permafrost occurrence can be observed. The other factors,
namely, curvature, plan curvature, profile curvature, latitude,
longitude, aspect, and slope show no significant relation with
permafrost existence (at significance level of 0.05).
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3.3. Multivariate adaptive regression splines

N

MARS is a non-parametric regression method that does
not assume a functional relationship between dependent and
independent variables. Conversely, MARS builds relationships from a set of coefficients and basic functions, which in
turn are heavily influenced by the degree of data regression
(Hill and Lewicki, 2006). MARS simulates complicated
nonlinear relations using basic functions. The operation
method includes partitioning the area of entry into regions,
each with its own regression equation. The MARS model is
given as follows (Friedman, 1991):
∧

∧

y = fM ( x )
M

= a0 + ∑ am Sm ( x )

(1)

m =1
M

km

(

)

= a0 + ∑ am ∏ ⎡ Skm xv( k ,m ) − tkm ⎤
⎣
⎦+
m =1
k =1

where ŷ is the target variable, a0 is an interceptor parameter,
am is the coefficient of the m-th spline function, Sm(x) is the
m-th spline function, and m is the number of spline functions
in the model. The intersection of the linear regression between
two areas is called the node, and km is the number of nodes.
The value of Skm is 1 or −1. v(k, m) is the predictor variable,
and tkm is the knot, [ ]+ means taking the positive part.
Each basic function represents the area of the target variable. The basic function may be composited by a single
spline function or the interaction of more spline functions.
The right spline function (Formula (2)) and left spline function (Formula (3)) are given as follows (Friedman, 1991):

⎧( x − tkm )+
⎡ S km ( xv ( k ,m ) − t ) ⎤ = ⎪⎨
⎣
⎦+
⎪⎩0
⎧( t − x )+
⎡ S km ( xv ( k ,m ) − t ) ⎤ = ⎪⎨ km
⎣
⎦+
⎪⎩0

when x ≥ tkm
else
when x ≤ tkm
else
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(2)

(3)

where t denotes knot placement, (x−tkm)+ and (tkm−x)+ are the
right linear basic function and left basic function, respectively, and tkm is the knot.
The MARS procedure can be divided into three steps:
(1) A forward algorithm is used to select all possible
basic functions and their corresponding knots. New pairs of
functions are considered at each stage until the model obtains the maximum number of basic functions (M) and the
maximum number of interaction of spline functions (N) set
by the user at the beginning of the process.
(2) A backward algorithm eliminates all basic functions
to generate the best combinations of existing knots. This
process could be conducted by Generalized Cross-Validation
(GCV). According to GCV, basic functions with small correlation are deleted. GCV is given as follows:

∑ ⎛⎜⎝ y

∧
⎞
− f λ ( xi ) ⎟
⎠
GCV ( λ ) = i =1
2
M
(
λ
)
⎛
⎞
⎜1 −
⎟
N ⎠
⎝

2

i

(4)

where M(λ) is the effective number of parameters in the
model, fˆλ is the effective target, λ is the optimum number of
model terms, and N is the number of basic functions.
(3) An optimum model is decided. The best model is often the prediction model with the minimum value of GCV.
Compared with the linear regression and logistic regression methods, MARS has the following advantages:
(1) The MARS method is a non-parametric method that
can be used without prior assumptions regarding the statistical
distribution of the data. Only the predictor variables (x), target
variables (y), maximum number of basic functions (M), and
number of spline function interactions (N) are needed.
(2) MARS is a regression method for high-dimensional
data with excellent characteristics. Based on a "forward"
algorithm and a "backward" algorithm, this method has
great adaptability. The basic functions are determined automatically based on data obtained.
(3) As the functions are clear and transparent, the model
can better explain the relationship between prediction variables and environmental factors. The operation process is
very quick, as well.
4. Results and analysis
4.1. MARS simulation results
The prediction model for the Wenquan area was established using MARS with 12 variables and 425 sample points
screened by cluster analysis and correlation analysis. In this
model, the maximum number of basic functions is set to 24,
and the maximum number of interaction of spline functions
to five. An optimal MARS model (Formula (5)) was generated when a minimum value of GCV reached 0.1834. Basic
functions are listed in Table 2.

y = 0.89821+8.255 × 10−3 × BF1 − 1.8234 × 10−7
× BF2 −1.7234 × 10−6 × BF3 + 1.9671 × 10−6
× BF4 +1.097 × 10−6 × BF5 − 4.644 × 10−7

(5)

× BF6 + 1.0853 × 10−6 × BF7 − 7.8911 × 10−9
× BF8 + 7.5039 × 10−9 × BF9
Based on the "forward" and "backward" algorithms, the
MARS model will automatically omit unnecessary variables
that are of lower correlation than given threshold. The most
significant relationship was then found between permafrost
existence and elevation, and PSRs of January to March, May,
August, and October to December (Formula (5)). Elevation
was suggested as the controlling factor for the distribution of
mountain permafrost. Solar radiation, as the principal heat
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source of land surface, is another factor affecting distribution
of permafrost, especially in cold seasons (September to next
April). In winter, snow coverage will provide large reflectivity and reduce thermal absorption. The number of days with
negative radiation has a close relationship to permafrost
existence.
The PSRs were computed using ArcGIS Solar Analyst.
Together with elevation, PSRs were input to Formula (5),
where the threshold to determine permafrost was set to 0.5
(Quirós et al., 2009). A value of y ≥0.5 represents permafrost
underlain, whereas others represent a seasonally frozen soil
type (Figure 2).

4.2. Model validation
The model was validated using 5-fold cross-validation. All
425 sample points were randomly divided into five parts,
where four parts, namely 340 sample points, were used for
calibration and the remaining one part, namely 85 points, for
validation. This model can produce overall accuracies of 78%,
80%, 72%, 72%, and 81%, and an average of 76.6%. Same
cross validation was applied to logistic regression method and
MAGT model. The logistic regression method (Sheng et al.,
2010) is 74.0% in overall accuracy which is smaller than
MARS, indicating the latter has a better simulation.

Table 2 Basic functions used in the MARS model
No.
Basic function
BF1
max(0, 4237−x1)
BF2
max(0, x3−51891) × max(0, 4389−x1)
BF3
BF1 × max(0, 91394−x9)
BF4
BF1 × max(0, x7−178030)
BF5
BF1 × max(0, 178030−x7)
BF6
BF1 × max(0, x2−46864)
BF7
BF1 × max(0, 46864−x2)
BF8
max(0, x6−181200) × max(0, 43398−x11)
BF9
max(0, x6−181200) × max(0, 121240−x4)
Ele: Elevation; PSRn: The potential direct incoming solar radiation of n month.

Variable(s)
Ele
PSR2, Ele
PSR10, Ele
PSR8, Ele
PSR8, Ele
PSR1, Ele
PSR1, Ele
PSR5, PSR12
PSR5, PSR3

Coefficient
8.255×10−3
−1.8234×10−7
−1.7234×10−6
1.9671×10−6
1.097×10−6
−4.644×10−7
1.0853×10−6
−7.8911×10−9
7.5039×10−9

Figure 2 Permafrost distribution map of the studied area simulated with the MARS model

4.3. Comparison with LR and MAGT
The LR and MAGT models were used to simulate permafrost distribution in the Wenquan area of interest. At present, the MAGT model is a widely-used empirical-statistical

linear model of permafrost distribution (Nan et al., 2002;
Heggem et al., 2005; Etzelmüller et al., 2006), derived from
borehole measured sub-surface temperature data. Apart from
the linear method, there is a non-linear statistical method,
such as the nonlinear logistic regression method that was
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used to simulate permafrost distribution in the eastern Qilian
Mountains (Li et al., 2009). We also applied LR and MAGT
and compared them to MARS.
For comparative purposes, a binary logistic regression
method was used with same data that passed cluster and
correlation analyses, among which 253 sample points are of
permafrost type and 172 of seasonally frozen soil type. A
stepwise regression method was used to screen independent
variables that contribute less to the dependent variable.
Formula (6) shows the final form of LR taking elevation as
the independent variable. By input of the 30 m GDEM data,
the probability of permafrost spatial distribution in the
Wenquan area was calculated. The threshold is set to 0.5, i.e.,
a value of P ≥0.5 indicates a permafrost type, and the other
values indicate seasonally frozen soil type (Li et al., 2009).
The simulated map is presented in Figure 3b.

P=

e −30.621+ 0.007× dem
1 + e −30.621+ 0.007× dem

(6)

According to the MAGT model (Nan et al., 2002), the
dependent variable is mean annual ground temperatures at
the 10 m depth (MAGT) of 21 drilling boreholes, whereas
independent variables include latitude, longitude and elevation. Also, a stepwise regression method was used to screen
independent variables that are of less correlation to the de
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pendent variable. The final MAGT model takes MAGT as
the dependent variable and elevation as the independent
variable (Formula (7)). The model was then simulated based
on the 30 m resolution GDEM data. A MAGT of 0.5 °C is
set to the threshold value to distinct permafrost and seasonal
frozen soil types (Nan et al., 2002), where MAGT ≤0.5 °C is
of permafrost type (Figure 3c).

T = −0.0066 x + 27.8343 r 2 = 0.9731

(7)

where T is the predicted mean annual ground temperature of
permafrost (°C), and x corresponds to elevation (m), r2 relates to the determination coefficient.
Table 3 shows the error matrices obtained from the three
predictable methods. Two hundred one GRP points were
entered as validation samples among which, 115 are of permafrost type and 86 are of seasonally frozen soil type. The
total classification accuracy of the MARS model was 85.6%,
compared with those of LR and MAGT, 50.3% and 62.2%,
respectively. As shown in the error matrix, 90 permafrost
samples were classified incorrectly to the seasonally frozen
soil type by LR. The possible explanation is that LR only
considers elevation, unable to reflect micro-topographic
effects. In contrast, MARS takes into account of not only
elevation but also direct incident radiation, which may reflect local effects to some extent.

Figure 3 Simulated permafrost distribution maps with MARS (a), LR (b), and MAGT models (c), respectively
Table 3 Classification accuracy with the MARS, LR, and MAGT models
Classification
Permafrost
Seasonal frozen soil
Total accuracy

Permafrost
97
18

MARS
Seasonal frozen soil
11
75
85.6%

Permafrost
25
90

4.4. Permafrost distribution patterns
Figure 2 shows the permafrost classification map for the
Wenquan area estimated by MARS. The total area of the
permafrost zone is 1,881 km2, accounting for 76% of the

LR
Seasonal frozen soil
10
76
50.3%

Permafrost
112
3

MAGT
Seasonal frozen soil
73
13
62.2%

whole Wenquan area. The remaining 594 km2 area is covered by seasonally frozen ground, accounting for 24% of the
total area.
The studied area can be divided into five altitudinal
zones, i.e., <3,800 m, 3,800–4,200 m, 4,200–4,600 m,
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4,600–5,000 m, and >5,000 m. 1.81% of total studied area is
distributed in the lowest elevation zone, mainly in the Wenquan valley. There is 24.34% of total area in the 3,800 m to
4,200 m altitudinal zone, which covers southeast to northeast directional mountains and the Kuhai Basin. The altitudinal zone from 4,200 m to 4,600 m accounts for 61.14%
of the total area, including the Maritang Basin, and the low
elevation regions of the Ela and Jiangluling mountains.
The zone with elevation from 4,600 m to 5,000 m, including the middle mountain parts of the Ela and Jiangluling
mountains, accounts for 12.55% of the total area. The zone
with elevation higher than 5,000 m accounts for about
0.16% of the total area, including high mountain areas
(Figure 4a).
In terms of altitudinal distribution characteristics, permafrost is extensively distributed throughout high, medium,
and low mountain zones, that is to say it is mainly concentrated in the Ela and Jiangluling mountains. Moreover, permafrost covers 71.35%, 44.50%, 82.86%, 98.86%, and
97.58% of each altitudinal zones, respectively, i.e., <3,800 m,
3,800–4,200 m, 4,200–4,600 m, 4,600–5,000 m, and >5,000
m (Figure 4b). By comparison, seasonally frozen soils are
distributed in the medium and low mountainous regions,
including the Daheba and Wenquan valleys, the Kuhai Basin
and the Maritang Plain. For each altitudinal zone, seasonally
frozen soil covers 28.65%, 55.50%, 7.14%, 1.14%, and
2.42% of the zonal area, respectively (Figure 4b).
As presented in Figures 2 and 4b, the main factor con-

trolling permafrost development is elevation. However, as a
micro-climatic factor, PSR also influences the distribution of
permafrost at a much smaller scale. Generally speaking, the
amount of solar radiation largely depends on geographic
latitude. However, for a small area, solar radiation is also
determined by varying topographic conditions such as slope,
aspect, and land surface conditions.
In summer, vegetation serves as a canopy shield that reduces incoming solar radiation to the ground surface.
Whereas in cold seasons, with the plateau vegetation going
into senescence, more negative heat flux directly enters the
soil in favor of permafrost development. These effects are
insignificant in the southeastward areas and in the Maritang
Plain. However, in some southeast alpine areas permafrost
can occur in lower altitudes. This fact may be related to
steep slope that prevents surface solar radiation entering into
the ground. In northern slopes, alpine shrub and alpine
swamp meadow are well established because of favorable
water conditions, which considerably reduce solar radiation.
As vegetation evapotranspiration also consumes radiation,
less heat goes into the ground which is beneficial to the development of permafrost. That is why we find permafrost
coverage in a much lower elevation. For the same reason, in
high elevations in the Maritang Plain and the Kuhai Basin,
seasonally frozen soil is fully developed because of relatively flat topography and sparse alpine grassland coverage.
Abundant solar radiation is adverse to permafrost formation
in those areas.

Figure 4 Altitudinal zones of the studied area (a) and percentages of permafrost and seasonally frozen soil in
different altitudinal zones calculated using MARS (b)

Considering the simulations from the three different
methods, they have similar seasonally frozen soil and permafrost distribution characteristics, with seasonally frozen
soil mainly distributed in the 3,400–4,200 m altitudinal
range and permafrost mostly in the zone higher than 4,200
m. All simulations come to the same conclusion that elevation dominates permafrost distribution in this studied area.
However, due to the difference of methods, distribution var-

iations still can be found among them. The simulations of
LR and MAGT models show that permafrost is lacking below 3,800 m and no seasonally frozen soil exists higher than
4,600 m. However, the MARS model shows that both permafrost and seasonally frozen soil can be distributed in all
elevations (Table 4). This can be contributed to a comprehensive consideration of not only elevation but also implicit
local factor effects of slope, aspect and surface conditions,
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which make MARS better in representing alpine complexity
and local effects. Statistically, as presented in Tables 3 and 4,
an analysis of classification accuracy estimates of the three
methods confirms the outstanding performance of MARS.
5. Conclusion
Using measured permafrost distribution information
from in-field borehole and GPR investigations, a MARS
based model was established for permafrost distribution
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simulation in the Wenquan area. The following conclusions
were drawn.
(1) Comparing MARS, MAGT, and LR methods using
the same dataset, MARS produces a most accurate simulation. All models confirm that elevation is the dominant factor to control macro-distribution patterns of regional permafrost. The simulation variations are related to local factors
that affect the micro-distribution of permafrost, which can be
taken into account implicitly by introducing potential solar
radiation in the MARS model.

Table 4 Areal percentages of permafrost and seasonal frozen soil in different altitudinal zones simulated with different models
Altitudinal zones (m)
3,400–3,800
3,800–4,200
4,200–4,600
4,600–5,000
≥5,000

Permafrost
71.35%
44.50%
82.86%
98.86%
97.58%

MARS
Seasonal frozen soil
28.65%
55.50%
17.14%
1.14%
2.42%

Permafrost
0
30.97%
100%
100%
100%

(2) On the basis of MARS simulation in the studied area,
permafrost covers about 1,881 km2 area, which is mainly
distributed in altitudes higher than 4,200 m, accounting for
76% of the total area. In addition, most seasonally frozen
soil is distributed in altitudes from 3,400 to 4,200 m.
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