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Abstract
In the southeastern Tibetan Plateau with complex geological conditions, the frequent and disastrous geological hazards have 
posed a severe challenge to the construction and operation safety of the planning Sichuan–Tibet railway. Based on the remote 
sensing and field investigation, the detailed landslide inventory of Jiacha–Langxian segment of Sichuan–Tibet railway was 
established. After analyzing the general development characteristics of landslides, a total of seven causative variables were 
selected as input parameters to evaluate landslide susceptibility using the weight of the evidence model. Combined with the 
probability prediction map and field validation, the landslide susceptibility was classified into four categories: very high, high, 
moderate and low susceptibility. Based on the landslide susceptibility assessment map, the very high and high susceptibil-
ity zones are mainly distributed on the both sides of the Yarlung Zangbo river and its tributaries, and the moderate and low 
susceptibility zones are located 5 km north to the river. Considering the terrain and landslide disaster prone situation in this 
region, the planning railway line in tunnel on the north bank of the Yarlung Zangbo river is considered to be reasonable. As 
for the subgrade and bridge section of the railway, especially for tunnel entrance, necessary slope reinforcement should be 
carried out. Considering the objective safety threat from landslides to the railway, we hold the opinion that it is necessary 
to compare the scheme of changing route and taking engineering protection measures in the Langzhen–Langxian segment.
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Introduction

It is a complex and systematic scientific work to carry out 
railway planning and construction in an active tectonic zone 
as well as the mountainous area (Huang et al. 2013; Zhang 
et al. 2017; Laimer 2017). Geological environment conditions 
are important factors that restrict and affect project planning. 
Landslide, as a kind of the most common geological disas-
ters in mountainous areas, often brings great economic and 
human losses, which is an unavoidable problem in the pro-
cess of project planning and construction (Sarro et al. 2018; 

Kumar et al. 2019). To reduce and manage landslide-related 
disasters, it is important to assess landslides susceptible areas 
for providing references for railway planning (Macciotta et al. 
2016; Mehebub and Haroon 2017). The planning area from 
Jiacha to Langxian of the proposed Sichuan–Tibet railway 
line is located in the southeast Tibetan Plateau, which is one 
of the landslide-prone zones in China (Wu et al. 2017; Du 
et al. 2019). In general, the unstable slopes may be avoided or 
stabilized in selecting railway line. Some potential unstable 
slopes have not significantly failed at present, but they are 
likely to slide in the future. In terms of construction difficulty 
and operation safety, geological conditions including the 
development status and trend of geological hazards are very 
important issues for railway line selection in mountainous 
area (Laimer 2017). Hence, it is necessary and meaningful to 
delineate the landslide-prone zones for the proposed railway 
route so that the effective disaster prevention and mitigation 
measures can be adopted to reduce losses.

Landslide susceptibility refers to the probability of the 
spatial occurrence of a landslide given a set of geological 
environmental conditions, showing the control effect of 
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the basic property of geological environment on landslide 
(Pandey et al. 2019). Nowadays landslide susceptibility 
mapping becomes a useful tool in land use and landslide 
risk management (Gorsevski et al. 2006). With the rapid 
development of geographic information system (GIS) and 
remote sensing (RS) techniques in past few years, several 
different approaches based on GIS have been used to evalu-
ate landslide susceptibility involving qualitative or quantita-
tive methods by different scholars. Qualitative methods rely 
on expert opinions, and quantitative approaches focus on 
studying the relationship between causative factors and land-
slides. Literature survey shows that numerous research and 
analysis approaches are proposed for landslide susceptibility 
evaluation, i.e., analytic hierarchy process (AHP) (Barredo 
et al. 2000), weighted linear combination (WLC) (Ayalew 
et al. 2004), bivariate statistics (Guzzetti et al. 1999; Thiery 
et al. 2007), multivariate statistics (Lee et al. 2008), logistic 
regression (Dai and Lee 2003; Duman et al. 2006; Chauhan 
et al. 2010; Akgun 2012), frequency ratio (Lee and Pradhan 
2006, 2007; Yilmaz 2010; Akinci et al. 2011), certainty fac-
tor method (Binaghi et al. 1998; Lan et al. 2004; Sujatha 
et al. 2012), and weight of evidence model (WOE) (Lee et al. 
2004; Tangestani 2009; Park 2011; Armas 2012; Neuhauser 
et al. 2012; Thiery et al. 2014; Saponaro et al. 2015), etc. Of 
course, the approaches proposed in the literature are far more 
than these (Lee et al. 2004; Champati Ray et al. 2006; Akgun 
2012; Tien Bui et al. 2012; Pradhan 2013; Youssef et al. 
2016; Sciarra et al. 2017). However, no agreement has been 
reached on the analysis methods used for mapping landslides 
susceptibility. The purpose of this paper is to analyze the 
general development and distribution characteristics of the 
existing landslides, assess the most important conditioning 
factors for landslides in an active tectonic zone as well as 
mountainous area and delineate the landslide-prone zones 
in the study area using the WOE model which is a very 
popular method and suitable for active tectonic zone as well 
as mountain areas.

Geological setting

The study area is located in the middle reaches of the Yar-
lung Zangbo river, low-lying east to the west. The study is 
focused in an area of 1691 km2 which lies within the latitude 
29° 00′ N–29° 12′ N and longitude 93° 30′ E–93° 15′ E 
(Fig. 1). The average elevation of the mountain tops on both 
sides of the valley is more than 5000 m, and the regional 
average elevation is about 4100 m, characterized by moun-
tains, wide valleys and canyons. Terraces are developed 
in the river’s convex bank, while bedrocks are exposed in 
the concave bank. Due to high altitude, cold weather and 
temperature changes, the rocks of high elevation areas are 
extremely fragmentized resulting from strong freezing 

weathering, especially the areas near the snowline. Glacial 
erosion geomorphology is also developed in the study area. 
Vertical river incisions steepen the hill slope on both sides 
of the river which decrease slope stability.

From a geological point of view, this area lies at the Yar-
lung Zangbo river suture zone between Himalayan plates in 
the south and Gangdise-Nyainqentanglha plate in the north 
(Sun and Wang 2011). The neotectonic movements in the 
study area have the characteristics of intermittent uplift in a 
large area, which can lead to unstability of the earth’s sur-
face. The Yarlung Zangbo Fault (YZF) with frequent histori-
cal earthquakes runs through this area roughly in EW ori-
entation and tends to dip in south characterizing with thrust 
movement. Besides, there are a few faults with the direc-
tion in NNE developing in the area. Many earthquakes with 
Ms ≥ 7.0 occurred within the YZF zone in history, i.e., Ms 
7.0 earthquake nearby Sangri County in 1915 (Shao et al. 
2008), Ms 7.0 earthquake nearby Longzi County in 1947 
(Shao et al. 2008), and Ms 7.7 earthquake in the southeast 
of Langxian (Li et al. 2014).

Based on the geological map, previous studies and field 
observation, the bedrock exposure in the area is dominated 
by Mesozoic and Cenozoic strata. The main strata are listed 
as follows: (a) metamorphic sandstones and siltstones, 
sericite phyllites, schist formations in the upper Triassic; 
(b) Jurassic strata consisting of volcanic rocks, limestones, 
sandstone and argillites; (c) conglomerate and sandstone in 
the Paleogene; (d) Quaternary sediments that consist of flu-
vial, alluvial and colluvium deposits.

The climate is temperate and sub-humid, and annual sun-
shine time can reach 2864 h in the study area. The average 
annual temperature during the period 1993–2002 is 9.4 °C. 
July is the warmest month with an average temperature of 
16.6 °C, and January is the coldest month with 0.5 °C on 
average. The mean annual temperature is 9.4 °C, and the 
temperature fluctuations are large between day and night. 
Most rocks in this study area have undergone severe weath-
ering. The annual average rainfall is 509 mm according to 
the statistical data of recent 10 years. Precipitation is usually 
intense and concentrated during the monsoon from April to 
September. Abundant rainfall and ice-melt water flow into 
strongly fractured rocks and loose deposits to reduce slope 
stability, even trigger landslides.

The Tibetan Plateau uplifting rapidly, coupled with 
complex folding and faulting of the region, as well as river 
incision, landslides and weathering activities dominate the 
regional geomorphic features (Du et al. 2017). The poor 
conditions include soft or fractured rock mass and intense 
tectonic activities, severe human engineering activities and 
adverse climate, which increases the landslide susceptibil-
ity. As a result of increasing human construction activities, 
landslide occurrences become more frequent than before. 
In August 1998, a landslide occurred in Lasui town, Jiacha 



Environmental Earth Sciences (2020) 79:157	

1 3

Page 3 of 16  157

County, which destroyed a road and blocked the traffic for 
more than 10 days. In August 2001, a slope appeared large 
deformation in Qizi village of Langxian, and threatened 46 
lives of 8 families. Donggeshan landslide in Langxian reac-
tivated in a large scale in 2002 and 2006, and destroyed pro-
vincial highway S306 several times. There are some similar 
landslide cases in this region, and most of the landslides 
have seriously affected railway planning and construction.

Data and methodology

Landslide inventory

The first step is to acquire information about the landslides 
that have occurred in the past. This stage is considered as 
the fundamental part of the landslide studies (Guzzetti et al. 
1999; Devkota et al. 2013). Since landslide occurrences in 
the past and present are keys to spatial prediction in future 
(Guzzetti et al. 1999), the construction of a landslide inven-
tory map and obtaining the relationship between landslides 

and causative factors is essential for landslide suscepti-
bility. Because of the high elevation, difficult access and 
poor working conditions in the Tibet, landslides are poorly 
studied, particularly in the deeply incised valleys in the 
southeast of Tibetan Plateau. Based on data collection, 
extensive field investigation and aerial photograph inter-
pretation, a total of 157 landslide events in the study area 
were mapped at 1:50,000 scale and subsequently digitized 
for further analysis. On the basis of collecting geological 
hazards data before 2004, some landslides were interpreted 
from the high-resolution satellite images from Google Earth 
obtained from 2005 to 2015, and SPOT-5 satellite (ground 
resolution of 10 m) obtained in 2010. Then, the field land-
slide investigation and verification were conducted in 2015. 
Recent landslides were identified using breaks in the forest 
canopy, bare soil, or other geomorphic characteristics such 
as head and side scarps, flow tracks, and soil and debris 
deposits below a scar (Lee and Pradhan 2007). The attribute 
data of a landslide includes area, perimeter, volume, length, 
width, type, activity, position on the hillslope, vegetation, 
main causes, damage, and so on (Regmi et al 2010). The 

Fig. 1   Geological settings and landslide distribution overview in the Jiacha–Langxian segment of Sichuan–Tibet railway. a Geotectonic settings; 
b geographical location and tectonic settings; c landslide distribution map
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mapped landslides were distributed in an area of 69.33 × 106 
m2. The individual landslide area ranged from 1274.1 m2 to 
2.95 × 106 m2.

Based on the field investigation and spatial analysis, the 
relationship between landslide distribution characteristics 
and geological factors was obtained. The major landslide 
type was soil slide (Varnes 1978) in the study area. Most of 
them were medium to minor in scale. Soil slides accounted 
for 84% of the landslides and sliding materials were mainly 
loose colluvium, slide debris and residual deposits. The rest 
rock slides were mainly developing in weak strata such as 
phyllites, slates and fractured rock mass near the fault. Most 
landslides developed on both sides of Yarlung Zangbo river 
and its tributaries, which was closely related to the control 
effect of river erosion in slope toe. The amount of land-
slides whose volume exceeded 1 million m3 accounted for 
25% of all landslides. Some landslides were run through by 
faults with large angle intersecting in the sliding direction 
(Fig. 2a). There were also many landslides, whose sliding 
directions were parallel to the fault, and some faults can even 
form landslides boundary (Fig. 2b); several giant ancient 

rock slides were found in the YFZ, and some ancient land-
slides have reactivated under the influences of slope toe 
excavation or intense rainfall (Fig. 2c).

WOE model

The weight of evidence method (WOE) is a data-driven 
quantitative approach, and it assumes that future landslides 
will occur under the similar or same conditions to those con-
tributing to past comparable landslides in the same type. In 
the WOE method, the absence or presence of instability has 
the same significance. It also assumes that causative factors 
for the mapped landslides remain constant over time (Regmi 
et al. 2010). Meanwhile, it assumes conditional independ-
ency among the landslide impact factors. Though the WOE 
method is limited to the assumption on conditional inde-
pendence, it is not constrained by the classical assumptions 
of the parametric methods, such as distribution assumptions 
which spatial data often violate, and the method can often 
provide results easy to explain (Ilia and Tsangaratos 2016). 
The features make the WOE model stand out from other 

Fig. 2   Typical landslide cases in the study area. a A secondary fault 
run through the front of landslide in the east of Langxian (mirror 
NE); b the sliding direction of Redui landslide is parallel to the YZF 

(mirror NE); c Bajitang landslide group distributed linearly along the 
Yarlung Zangbo river (mirror SW)
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data-driven methods, and the model has been utilized for 
spatial predictions and landslide susceptibility assessment 
in numerous studies (van Westen et al. 2003; Lee and Choi 
2004; Dahal et al. 2008; Kayastha et al. 2012; Armas 2012; 
Thiery et al. 2014; Ilia and Tsangaratos 2016). The model 
is based on Bayes rule and on the concepts of prior and 
posterior probability. Bonham-Carter et al. (1989) indicated 
detailed mathematical formulas related to the method which 
could calculate the contribution of each causative factor on 
landslide event occurrence. The related equations are listed 
below:

In Eq. (1), P(A|B), states that the probability of some 
event A occurring when event B has already occurred, which 
is equal to the probability of event B occurring given that 
event A has occurred, P(B|A), multiplied by the probability 
of event A occurring, P(A), and divided by the probability of 
event B occurring, P(B). This method calculates the weight 
for each landslide predictive factor (B) based on the presence 
or absence of the landslide (L) within the area (Bonham-
Carter 1994; Guo et al. 2015).

Where ln represents natural log, P indicates the prob-
ability, L represents the presence of a landslide, while B 
is the presence of a causative factor. The bar above a letter 
indicates the negation. P{B|L} represents the probability of 
B occurring given the presence of L. W+

i
 and W−

i
 can be 

calculated in Eqs. (2) and (3). W+
i

 indicates the probability 
of landslide occurrence under the action of a predicating 
factor at the current level. W−

i
 indicates the absence of the 

predicate factor. When W+
i
> 0 or W−

i
< 0 , it means that the 

causative factor is positively correlated with the incidence 
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of landslides. When W+
i
< 0 or W−

i
> 0 , it means the causa-

tive factor is negatively correlated with landslide occurrence.
The difference between the two weights is known as the 

weight contrast. Wf in Eq. (4), reflects the weight of land-
slide occurrence under the level of the causative factor. The 
difference between Wf values offers a measure of the mag-
nitude of the correlation between predictor variables and 
landslides. More detailed descriptions about the meaning of 
equations above can be seen in other literatures (Bonham-
Carter et al. 1989, 1994; Mohammady et al. 2012). After 
calculating the weight of each variable, they can be added up 
to make a posterior logit when all variables are conditionally 
independent.

Landslide causative factors analysis

Previous research has shown that landslide occurrence is 
an integrated result governed by some causative factors, i.e. 
topography, tectonic activities, lithology, slope structure, 
rainfall, underground water, human engineering activities, 
etc. (Dahal et al. 2008; Sarkar et al. 2008; Yalcin et al. 2011; 
Bui et al. 2011; Neuhauser et al. 2012; Guo et al. 2015; Ilia 
and Tsangaratos 2016). Due to lacking of strict criterion for 
choosing evaluation factor, different factors were selected for 
assessing landslide susceptibility in different regions. The 
number of evaluation factors varied from several to more 
than a dozen. Dahal et al. (2008) selected eight variables 
such as slope direction, distance from rivers, land use and 
distance from roads, etc. Ilia and Tsangaratos (2016) chose 
lithology, elevation, slope, slope direction and distance from 
roads. Guo et al. (2015) conducted a study on landslide 
susceptibility along the Xianshuihe fault zone in western 
Sichuan, China, and discussed the assessment results of 
selecting 6, 8 and 11 evaluation factors, which showed that 
the assessment results with more variables were not always 
better. The accuracy of landslide susceptibility assessment 
results in the WOE method was determined by the quality 
of landslide data and the independence of evaluation factors.

According to field investigation and previous research 
results (Zhou 2011; Wu et al. 2017), these slope failures 
from Jiacha to Langxian were related to geological, topo-
graphical, climatic conditions, tectonic activities, stream 
erosion, and human engineering activities. These causative 
variables, topography, lithology, distance to road, distance 
to stream and the distance from tectonic structures are most 
often selected as conditioning factors for landslide suscepti-
bility assessment in an active tectonic zone as well as moun-
tainous area (Bui et al. 2011; Neuhauser et al. 2012; Guo 
et al. 2015; Ilia and Tsangaratos 2016). In general, landslide 
susceptibility assessment mainly emphasizes the factors in 
the tendency of landslide under the action of static condi-
tions, which are topography, lithology, tectonic activities. 
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However, this research only considers the static conditions 
regarding landslide susceptibility assessment other than 
external factors such as time, rainfall, earthquakes and 
human engineering activities. In addition, the roads in study 
area are built along the rivers, so the distance to river not the 
distance to road was selected as a conditioning factor. In this 
research, using bivariate statistics, the assumption is made 
that all landslides in a given study area occur under the same 
combination of parameters and that all sets of parameters 
are conditionally independent (Xu et al. 2012; Guo et al. 
2015). Thus, this research takes seven causative factors into 
account, which are slope degree, slope aspect, elevation, 
planform curvature, lithology, distance from active faults 
and distance from rivers (Fig. 3). The relationship between 
each variable and landslides is studied as follows (Table 1). 

Topography

Topography conditions are basic intrinsic factors for land-
slide occurrence. There is no doubt that the geometric shape 
of a slope has a certain influence on its stability. In this 
study, slope angle, slope aspect, slope altitude and planform 
curvature are considered to analyze the relationship between 
landslide occurrence and topography. The corresponding 
maps of the study area are derived from the DEM with cell 
size 25 × 25 m.

Slope gradient

Slope gradient is one of the most important factors that influ-
ence slope stability (Bednarik et al. 2010), which not only 
affects the stress distribution inside the slope but also affects 
weathering layer depth and slope surface runoff (Duo et al. 
2017). The slope angles of this area ranged from 0° to 78°, 
which were divided into five categories: 0°–10°, 11°–20°, 
21°–30°, 31°–40°, and > 40°. The thematic data layer and 
statistical results of landslide occurrence with each slope 
angle class were presented in Fig. 4a and Table 1.

Slope aspect

Different slope aspects will lead to different slope condi-
tions, i.e. weathering, precipitation, snowmelt water, veg-
etation cover, soil infiltration, etc. Furthermore, influenced 
by the movement of the upper wall of the thrust fault, the 
occurrence probability of landslides on different aspects 
were different (Huang and Li 2008). Slope aspects of this 
area were classified into nine categories, namely, N, NE, E, 
SE, S, SW, W, NW and flat. The related thematic data layer 
was shown in Fig. 4b.

Altitude

Altitude is a good indicator of landslide occurrence 
(Duman et al. 2006). The altitude of this area ranged from 
3026 to 5512 m, which can be divided into five categories 
(Fig. 4c, Table 1): < 3500 m, 3500–4000 m, 4001–4500 m, 
4501–5000 m, > 5000 m.

Planform curvature

Planform curvature refers to the fluctuation degree of the 
convex or concave on the slope surface. A positive value rep-
resents that the surface is laterally convex in profile, while 
a negative value indicates the surface is laterally concave, 
the value near or at zero means the slope surface is flat. 
Planform curvature reflects the surface roughness, fluctua-
tion, the capability of soils water convergence and diver-
gence which may influence landslide stability because of 
changing the erosion process and soil moisture content. In 
addition, the geological materials located at uneven part of 
a slope may be easily damaged under seismic load. Three 
classes (concave, convex, plan) were identified in this study 
(Fig. 4d, Table 1).

Distance to fault

The fault zones are considered as poor geological areas due 
to the fractured rock mass structure and soils with high per-
meability. The probability of a landslide event increases in 
the areas near fault zones (Kanungo et al. 2006; Ilia and 
Tsangaratos 2016). It is accepted that faults would affect 
landslide occurrence with distance up to few kilometers. 
The faults were digitized from the scale 1: 200,000 geologi-
cal map. The fault buffer map (Fig. 4e) about the distances 
of grids to each fault was prepared and classified into five 
different buffer zones, namely, < 1000 m, 1001–2000 m, 
2001–3000 m, 3001–4000 m, > 4000 m.

Lithology group

Lithology is usually considered as an important causative 
factor of landslides. The engineering geological proper-
ties of rock and soil mass were proposed to partition rock 
units (Dai et al. 2001). The lithology map was derived from 
the scale 1:200,000 geological map and field investigation. 
In the present study, we grouped the lithology units of the 
area into seven lithological classes, as shown in Tables 1 
and 2 and Fig. 4f. Considering that the rocks were severely 
weathered and fragmented near the YZF due to the tectonic 
activity, fractured rock masses were classified as a group 
separately.
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Fig. 3   Thematic maps of landslide causative factors. a Slope gradient; b slope aspect; c altitude; d planform curvature; e distance to fault; f 
lithology group; g distance to river
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Distance to river

Stream erosion is one of the most important factors that 
reshape the landform of slopes by the river bank. In addi-
tion, slope toe erosion by running water may affect the sta-
bility of landslides as high water content in slopes by the 
river causes the reduction of slope stability. The river buffer 
map (Fig. 4g) about the distances of grids to each river was 
prepared and classified into seven different buffer zones, 
namely, < 100 m, 101–200 m, 201–300 m, 301–400 m, 
401–500 m, 501–600 m, > 600 m. The values (Table 1) 
and map (Fig. 4g) were obtained by analyzing the distance 
between the sample grid and the nearest river.

Landslide susceptibility assessment results

Landslide susceptibility mapping

In present study, Wfi was applied as factor weight in the 
WOE model, and all Wf values of those variables mentioned 
above in each grid were summed up to obtain landslide sus-
ceptibility index (LSI), which stood for landslide susceptibil-
ity. Based on the natural break classifier, the LSI values were 
divided into four classes, which were very high, high, mod-
erate and low landslide susceptibility. Table 3 showed the 
percentage of each class, which occupied 16.64%, 29.46%, 
31.37% and 22.53%, respectively. The landslide area in the 
very high and high susceptibility zones took 81.6% of the 

Fig. 3   (continued)
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total landslide area. According to Fig. 5, the very high and 
high landslide susceptibility zones were mainly distributed 
on both sides of the Yarlung Zangbo river and its tributaries, 

while the medium and low landslide susceptibility zones 
were located 5 km north to the river, which was almost 
accordant with field survey situation.

Table 1   Weighted information values of landslide causative factors

a Detailed lithology groups see Table 2

Factor Class Class area from total 
area (%)

Percentage of land-
slides area (%)

Weight W+
i

Weight W−
i

Wf

Slope gradient (°) 0–10 7.81 1.74 − 1.5319 0.0664 − 1.5983
11–20 12.67 17.70 0.3509 − 0.0617 0.4126
21–30 24.79 36.52 0.4073 − 0.1760 0.5833
31–40 37.14 30.92 − 0.1902 0.0985 − 0.2887
 > 40 17.59 13.12 − 0.3039 0.0551 − 0.3591

Slope aspect Flat 0.21 0 − 5.5100 0.0022 − 5.5122
N 9.90 16.13 0.5150 − 0.0746 0.5896
NE 11.35 12.24 0.0785 − 0.0105 0.0890
E 12.16 8.88 − 0.3252 0.0382 − 0.3634
SE 13.11 12.15 − 0.0786 0.0114 − 0.0899
S 14.20 12.67 − 0.1178 0.0183 − 0.1362
SW 13.64 8.87 − 0.4452 0.0561 − 0.5013
W 13.19 14.54 0.1022 − 0.0164 0.1186
NW 12.24 14.50 0.1772 − 0.0272 0.2044

Altitude (m)  < 3500 19.25 36.35 0.6737 − 0.2469 0.9206
3500–4000 29.10 47.62 0.5196 − 0.3137 0.8334
4001–4500 24.60 10.99 − 0.8291 0.1736 − 1.0028
4501–5000 18.58 4.15 − 1.5298 0.1706 − 1.7004
 > 5000 8.47 0.88 − 2.2988 0.0831 − 2.3819

Planform curvature Concave 46.72 46.70 − 0.0003 0.0003 − 0.0006
Plan 6.45 5.11 − 0.2431 0.0149 − 0.2580
Convex 46.83 48.19 0.0299 − 0.0270 0.0170

Distance to faults (m) 0–1000 37.42 54.69 0.3974 − 0.3334 0.7308
1001–2000 20.79 25.29 0.2044 − 0.0606 0.2651
2001–3000 14.96 11.03 − 0.3151 0.0470 − 0.3621
3001–4000 10.57 4.75 − 0.8210 0.06558 − 0.8866
 > 4000 16.25 4.25 − 1.3707 0.1396 − 1.5103

Lithology groupa G-1 11.16 12.85 0.1473 − 0.0200 0.1673
G-2 20.22 29.28 0.3889 − 0.1252 0.5141
G-3 13.84 24.51 0.6041 − 0.1373 0.7414
G-4 1.26 2.23 0.6060 − 0.0103 0.6163
G-5 46.27 26.86 − 0.5614 0.3237 − 0.8850
G-6 6.70 3.14 − 0.7780 0.0390 − 0.8169
G-7 0.56 1.14 0.7592 − 0.0061 0.7653

Distance to rivers (m) 0–100 12.17 8.93 − 0.3201 0.0377 − 0.3578
100–200 10.51 12.43 0.1746 − 0.0225 0.1971
201–300 9.84 12.94 0.2855 − 0.0362 0.3217
301–400 9.12 12.12 0.2967 − 0.0348 0.3315
401–500 8.33 10.78 0.2688 − 0.0281 0.2969
501–600 7.44 9.12 0.2121 − 0.019 0.2311
 > 600 42.56 33.68 − 0.2422 0.1499 − 0.3922
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Landslide susceptibility validation

The accuracy of a landslide susceptibility assessment map 
can be evaluated by various methods, i.e., success rate 
and prediction rate (Pradhan and Lee 2010). To obtain the 
success rate curve for the LSI map, the calculated index 

values of all grids were sorted in descending order. Then, 
the ordered grid values were categorized into 100 classes 
with 1% cumulative intervals. The curve plots landslide 
susceptibility index rank on the X axis and the cumula-
tive percentage of landslide occurrence on the Y axis. As 
shown in Fig. 6, the success rate reveals that 10% of study 

Fig. 4   The statistical relationship between landslide distribution and causative factors



Environmental Earth Sciences (2020) 79:157	

1 3

Page 11 of 16  157

area where LSI had higher values could explain about 35% 
of total landslides. Likewise, 20% of higher LSI values 
could explain about 53% of all landslides, 30% of higher 
LSI values could explain about 67% of all landslides. 
In this study, area under the curve of the success rate is 
0.813, indicating the success rate is 81.3%, thus the model 
is valid.

Discussions

Data distribution

In the WOE method, it is assumed the data amount of each 
factor should obey a normal distribution. According to 
Bonham-Carter (1994), this ideal but rough assumption 
may lead to some errors. Non-parametric statistics can be 
used to solve this problem due to the advantage that they 
are not on the basis of normal distribution (Ilia and Tsan-
garators 2016). In fact, the data amount related to landslide 
occurrence is hardly normally distributed.

Table 2   Division of lithology group unit

Lithology group no Stratum code Main lithology types

G-1 T3s, K1t, K2sm Sandstone, argillaceous limestone, mudstone with limestone interbedded
G-2 T3j, T3jx, T3s Limestone, dolomite with phyllite or slate interbedded
G-3 T3j, T3jx, T3s Slate, phyllite with metamorphic sandstone interbedded
G-4 Rlb Polymictic conglomerate, pebbly sandstone, with fine sandstone and 

siltstone interbedded
G-5 K1γδ, K2π, (J3-K1)s, K2m, E2b, E2r, E2x, 

E2z
Massive granite, andesite, diorite

G-6 Q4
al, Q4

pl Clay, gravelly soil, sand, gravel
G-7 Cataclastic rock mass in the fault

Table 3   Statistical results of 
landslides susceptibility zones 
in WOE method

Susceptibility zones Area (km2) Percentage of area 
(%)

Landslide area 
(km2)

Percentage of 
landslide area 
(%)

Very high 281.383 16.64 34.924 50.372
High 498.172 29.46 21.679 31.268
Moderate 530.544 31.37 9.428 13.597
Low 381.055 22.53 3.302 4.763

Fig. 5   Landslide susceptibility map obtained by the WOE model



	 Environmental Earth Sciences (2020) 79:157

1 3

157  Page 12 of 16

In terms of a single factor, most landslides occurred on 
the slope with angles ranging from 21° to 40°. The largest 
landslide areas were on the slopes of 21°–30°, few landslides 
developed on the slopes of 0°–10°, 11°–20° and > 40°. In 
addition, the area of landslides with N aspect was larger than 
other aspects. Statistical analysis showed that most land-
slides occurred in 3501–4000 m elevation range, followed 
by the elevation below 3500 m. Landslides occurring below 
4000 m elevation account for up to 84% of all landslides, 
because the zones with elevation 3501–4000 m have been 
affected strongly by unfreezing, and the zones with an eleva-
tion below 3500 m were mainly influenced by human activ-
ity, where the landslide occurrences were easy to occur. For 
planform curvature, the slopes are more likely to slide with 
convex shape. When it comes to lithology, landslides are 
well developed in cataclasite rock near the fault, followed by 
phyllites and slates. About 55% of the landslides were 1 km 
away from faults and nearly 79.8% occurred within 2 km 
away from faults. When the distances to faults exceeded 
2 km, the landslide amount decreased obviously. There were 
fewer landslides when the distances to the river were less 
than 100 m or more than 600 m. In the zones 101–600 m 
away from a river the closer the distance from a river was, a 
landslide was more likely to be triggered.

Boundary of study area

In the process of landslide susceptibility evaluation, the area 
boundary is also an important role besides sufficient land-
slide data, appropriate scale and effective evaluation model. 
In some literature, the study areas are generally represented 
by the natural watershed boundaries and geographical 
boundaries during the landslide susceptibility evaluation, 
which can produce comparable and reproducible results. The 
watershed was also taken into account in selecting geometric 

study area boundaries because the geometry area was com-
paratively small, the watershed can be reflected. But, if we 
focus on the landslide susceptibility in narrow and linear 
scopes, i.e., fault zones, highways, and their adjacent areas, 
the geometric boundaries are often selected as study area 
boundaries (Xu et al. 2012; Regmi et al. 2014; Guo et al. 
2015). In this study, the landslide susceptibility of the pro-
posed railway line and its surrounding areas was of great 
concern. In other words, the area of interest has already been 
included in the selected geometric boundaries. In fact, the 
landslide susceptibility evaluation results are proved to be 
good. So, the selected geometric boundaries can meet cur-
rent research objectives.

Assessment method about different landslide types

Soil slides and rock slides (Varnes 1978) have occurred pre-
dominantly in the study area. In general, when the WOE 
method is applied to one single type of landslides, it can 
provide a better landslide susceptibility assessment result 
than being applied to various types of landslides. Combina-
tion of landslide susceptibility maps of different types into 
a single map would be a good solution, but the combination 
of two or more maps of weighted values is impossible in the 
WOE method since the weighted values are not comparable 
(Regmi et al. 2010). Many scholars have also applied the 
WOE method in evaluating landslide susceptibility for vari-
ous types of landslides (Regmi et al. 2010; Xu et al. 2012; 
Guo et al. 2015). Meanwhile, considering there was a certain 
correlation between the soil slides and the rock slides, the 
amount and total volume of rock slides were small relatively, 
a map showing susceptibility zones to all types of landslides 
would provide a good choice for the decision makers.

Application of landslide susceptibility assessment 
results

According to the landslide susceptibility map, we can find 
the landslide-prone zones with very high and high suscepti-
bility are concentrated on both banks of the Yarlung Zangbo 
river within the fault zones. Limited to valley topography 
and threated by landslides occurrence, the line scheme of 
combing mountain tunnel and bridge-subgrade traversing 
the study area along the valley is not feasible. At present, 
the main part of the proposed railway line is suggested to 
traverse from the north bank of Yarlung Zangbo river in 
mountain tunnel, and local sections outside the mountain 
may be connected by roads or bridges (Fig. 5).

As a ground surface disaster, landslide mainly endan-
gers railway safety in forms of destruction and burial. 
Hence, it is very important to select tunnel entrance care-
fully and strengthen engineering support in landslide-
prone zones. The terrain of the subgrade sections near 

Fig. 6   Success rate curve of landslide susceptibility
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Anrao town and Jiacha town (Fig. 7a, b) is flat and widen, 
and the railway line is relatively far from the landslide 
zones with high susceptibility, which is less likely to be 
affected by landslide hazards. In addition, the two sections 
of the railway near Zhongda town and the great bend of 
the river in the east of Langxian (Fig. 7c, e) need to cross 
the valley in the form of bridge. Some tunnel entrances in 
these four sections of the railway are located in the zones 
with high landslide susceptibility. Influenced by blasting 
vibration and excavation disturbance in tunnel construc-
tion, some landslides may occur or reactivate. So, we sug-
gest strengthen geotechnical investigations on the slopes at 
the tunnel entrances. The tunnel entrance positions can be 
changed, or some effective engineering support measures 
can be taken if necessary.

The proposed railway line from Langzhen to Langxian 
section is suggested to traverse along the river valley in 
subgrade. But the area on the northern side of the railway 
line is of very high landslide susceptibility, and some large 
ancient landslides develop there. Landslide could occur 
once the toes of those ancient landslides are excavated 
or disturbed during railway construction. Considering the 
influence of landslide hazards on the railway, this sec-
tion of railway line should be changed to pass through the 
mountain in tunnel, as shown in the black dotted line in 
Fig. 7d. If this section of the railway line is not changed, 
detailed investigation and stability analysis of the ancient 
landslides must be carried out, and the disturbance to 
ancient landslides should be reduced during railway con-
struction as much as possible.

Conclusions

The landslide susceptibility is of great significance for land-
slide risk management, railway planning, and construction 
guidance. Based on the detailed remote sensing interpre-
tation and field investigation, a reliable landslide spatial 
database was created in the Jiacha–Langxian segment of 
Sichuan–Tibet railway, then which was used to conduct 
landslide characteristics analysis and landslide susceptibility 
assessment with the WOE model. Some beneficial conclu-
sions are as follows:

1.	 The very high and high landslide susceptibility zones are 
mainly distributed on both sides of the Yarlung Zangbo 
river and its tributaries, while the moderate and low 
landslide susceptibility zones are located 5 km north to 
the river. Topography, lithology, active fault and river 
erosion play dominant roles in determining landslide 
development.

2.	 The main part of the proposed railway line through the 
north bank of the Yarlung Zangbo river in mountain 
tunnel is considered as a reasonable route, and the tun-
nel sections in different mountains can be connected by 
roads or bridges. Influenced by blasting vibration and 
excavation disturbance in tunnel construction, some 
landslides near the tunnel entrances may occur or reac-
tivate. So the tunnel entrance locations should be cau-
tiously selected and the unstable slopes at the tunnel 
entrance in the landslide-prone zones should be rein-
forced.

Fig. 7   Relationship between landslide susceptibility zones and the proposed railway line
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3.	 Considering the possible influence of ancient landslide 
reactivation, the scheme of changing the line from Lang-
zhen to the west of Langxian section should be con-
sidered to mitigate the future landslide hazards. This 
section of the railway can pass through the mountain in 
tunnel instead of traversing along the river valley in sub-
grade. If not, the necessary engineering measures must 
be carried out to improve the stability of the ancient 
landslides.

4.	 Though the occurred landslides can be identified, the 
identification of the slopes which may fail over time 
under the same causative factors is difficult. Based on 
the analysis of the present landslide distribution and 
development characteristics, the relationship between 
the landslides and causative factors can be found out, 
and the landslide susceptibility can be established to 
identify the landslide-prone areas for guiding railway 
line selection. The presented thought and approach can 
provide a reference for railway line selection in moun-
tainous areas.
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