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Abstract
The 2015 Gorkha earthquake (Mw = 7.8) caused significant earthquake triggered landslides (ETL) in a landscape that is heavily
intervened by rainfall triggered landslides (RTL). China’s Belt and Road Initiative plan to boost South-Asian regional trade and
mobility through two key highway corridors, i.e. 1) Longmu–Rasuwa–Kathmandu (LRK) and 2) Nyalam–Tatopani–Kathmandu
(NTK) route, that dissect the Himalayas through this geologically unstable region. To understand the spatial characteristics and
susceptibility of these ETL and RTL, we delineate the landslides by means of time variant satellite imageries, assess their spatial
distribution and model their susceptibilities along the highway slopes. We use a coupled frequency ratio (FR) – analytical
hierarchy process (AHP) model by considering nine landslide determinants, e.g. geomorphic type (slope, aspect, curvature,
elevation), hydrologic type (erosive potential of gullies, i.e. stream power index and distance to streams), normalized difference
vegetation index, lithology and civil structure type (i.e. distance to roads). The results demonstrate that elevation and slope
predominantly control both these landslide occurrences. The model predicts locations of ETLwith higher accuracy than RTL. On
comparison, NTK was safer with 133.5 km2 of high RTL or ETL (or both) landslide susceptible areas, whereas LRK has
216.04 km2. For mapping the extent of these landslides, we constricted it to the slope units of highways to reduce the compu-
tational effort, but this technique successfully achieved an acceptable threefold average model prediction rate of 82.75% in ETL
and 77.9% in RTL. These landslide susceptibility maps and route comparisons would provide guidance towards further planning,
monitoring, and implementing landslide risk mitigation measures for the governments.

Keywords Landslides susceptibility . Analytical hierarchy process . Gorkha earthquake . China . Nepal . Highways

Introduction

The 25 April 2015 Gorkha earthquake (Mw= 7.8) triggered
over 20,000 landslides of various types in the mountainous
terrains of Nepal and China covering an 87 km2 area

(Gnyawali and Adhikari 2017; Roback et al. 2018). The earth-
quake statistics suggest the deaths of 8964 people, 21956 in-
jured and damage of about 10 billion USD (~50% of Nepal’s
nominal GDP) (Goda et al. 2015). These landslides blocked
river valleys (Collins and Jibson 2015) and created huge dam-
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age along the road corridors (Hashash et al. 2015). This earth-
quake occurred in a landscape that is heavily intervened by
rainfall triggered landslides. In August 2014, a large rock ava-
lanche (~5 × 106m3 volume) triggered by intense rainfall along
the China–Nepal highway killed 155 people and destroyed 120
houses completely (Jaboyedoff et al. 2015). When the daily
rainfall exceeds 144 mm, the risk of landslides on these
Himalayan slopes is higher (Dahal and Hasegawa 2008). The
China–Nepal Highway, an important part of China’s Belt and
Road Initiative (BRI) to improve regional trade and cooperation
on a transcontinental scale (Rana and Karmacharya 2016), has
to traverse these exceptional terrain conditions. This route is
vital to improve the north–south connectivity for regional trade
between China, Nepal, India and beyond (Beazley and Lassoie
2017; Rana and Karmacharya 2016) through a series of trans
Himalayan corridors. This expanded transportation network
will have to face an escalated risk of landsliding because of
the interplay of these earthquake triggered (ETL) and rainfall
triggered landslides (RTL).

Landslides create significant challenges in road construc-
tion, maintenance, and mobility in this region (Dongtao et al.
2004; Hearn and Shakya 2017). McAdoo et al. (2018) found
that the occurrence probability of landslides on roadside
slopes is multi-fold more intense than on normal slopes here.
The damage and susceptibility assessment carried out shortly
after the 2015 earthquake by (Xu et al. 2017) found about ~3
ETL per square km of land in these highway corridors.
However, a comprehensive landslide susceptibility assess-
ment requires data from both ETL and RTL landslides (Bai
et al. 2013; Li et al. 2012; Tian et al. 2016).

Landslide susceptibility involves the spatial distribution and
probability rating of the terrain units to produce landslides de-
pending on the topography, geology, geotechnical properties,
climate, vegetation, and anthropogenic factors (Fell et al. 2008;
Guzzetti et al. 2005). The methods of landslide susceptibility
assessment (LSA) can be classified into three basic types:
knowledge-driven, data-driven and physically based methods
(Corominas et al. 2013). Knowledge-driven methods exploit
the expert-based weighting of different landslide related factors.
Data-driven methods use statistical comparisons of factors that
triggered past landslides and make quantitative predictions for
current non-landslide-affected areas. Physically based models
calculate slope stability based on geo-mechanical failure pro-
cesses. LAS is now an established science with standard guide-
lines (Fell et al. 2008) and workflows for consistent presenta-
tion and meta-analysis (Lombardo and Mai 2018). The AHP
(Saaty 1980) is a powerful data-driven tool for creating land-
slide susceptibility maps (Demir et al. 2013; Kayastha et al.
2013; Myronidis et al. 2016). Pairwise comparisons of individ-
ual controlling factors help to assign weight values to them
(Saaty 1980; Saaty 2005; Saaty and Vargas 2001). Coupling
the AHP with frequency ratio during pairwise comparison
makes this method robust for landslide susceptibility

assessment (Myronidis et al. 2016; Pradhan and Kim 2016).
In LSA, during the model validation stage, repeated k-fold
cross validation eliminates the peculiar random characteristics
of a single data partition by using different subsets of the same
data as training and validation sets and thus effectively using the
entire dataset (Petschko et al. 2014). Using this technique, we
can further determine the confidence interval associated with
assigning mean susceptibility values to the terrain mapping
units (Camilo et al. 2017).

Although comparative studies of ETL and RTL suscepti-
bility for a few regions are available, (Bai et al. 2013; Goda
et al. 2015; Li et al. 2012; Zhang et al. 2018), their integrated
susceptibility assessments for highway corridors and route
comparison has not been done before. Further, to save com-
putational effort, on constricting the mapping and analysis
region to the highway slope units, i.e. the slopes that can
contribute landslide debris from or away from to the highway;
can significant accuracy be achieved in these models? This is
another question to be addressed. The 2015 Gorkha earth-
quake provided an unprecedented opportunity to assess both
the ETL and RTL susceptibility of these vital highways in this
seismic and hydro climatically active region.

In this study, we delineate, compare and model the suscep-
tibility of ETL and RTL in the slope units of China Nepal
highways (i.e. LRK and NTK). We perform weight analysis
of each landslide determinants using a coupled frequency
ratio-analytical hierarchy (FR-AHP) method and further com-
pare the two routes for landslides susceptibility. We test the
model accuracy using a threefold cross validation to assure
our prediction results. The main difference between this study
and previous research is a combined approach of susceptibility
assessment to both ETL and RTL by constricting the computa-
tional region to the highway slope units and route comparison.

Study area and data

Study area

The study area is the China–Nepal highways that are an im-
portant part of China’s Belt and Road Initiative (BRI). This
comprises two arterial routes connecting Lhasa (the western
transportation hub of China) in the Tibetan plateau to the
Kathmandu valley (Nepal’s capital city). They are the
Longmu–Rasuwa–Kathmandu route (LRK) and the
Nyalam–Tatopani–Kathmandu route (NTK), Fig. 1. Both
routes cross the mighty Himalayan range, snaking their way
between ravines and peaks.

This region has high seismic hazard (Mugnier et al. 2017)
that accommodates continental convergence rate at 20 mm/yr.
of the seismogenic Main Himalayan Thrust (Lavé and Avouac
2000). The inactive Main Central Thrust (MCT) crosses both
the routes laterally. This region is also recognized for
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unusually high landslide hazard, mainly during the summer
monsoons (Petley et al. 2007). Rivers incision into bedrock is
at ~ 2–8 mm/year rate (Lavé and Avouac 2001). The annual
average temperature varies from −6 to 22 degrees Celsius, and
average rainfall varies from 31 to 201 mm.

(1) The Longmu–Rasuwa–Kathmandu (LRK) route is a
183 km section that descends from 3250 m above sea
level (m a.s.l.) in Longmu, China to 450 m in Pipaltaar,
Nepal, following the Trishuli river course and then further
ascends to 1250 m in Kathmandu, Nepal. This route has
strategic dual purposes: 1) transportation corridor and 2)
the geo-spatial linking of China to India overland through

Nepal (Beazley and Lassoie 2017). This route is now
under prioritization for development because of three
key reasons: 1) possibility of construction of dry ports at
the border area, 2) planned extension of the Chinese rail-
way line to the Nepal border and 3) it is the shortest route
to India for trade exchange (Beazley and Lassoie 2017;
Rana and Karmacharya 2016). Geologically, it intersects
metamorphic and carbonate rocks (Wandrey and Law
1998). LRK has 90 sub-basins of streams draining primar-
ily into the Trishuli River with a total area of 544 km2.

(2) The Nyalam–Tatopani–Kathmandu (NTK) route is a
137 km section that descends from 3700 m a.s.l. in
Nyalam, China to 575 m in Dolalghat of Nepal,

Fig. 1 The study area and road corridors. (a) LRK and NTK as strategic
economic trade routes connecting China and Nepal. (b) Earthquake trig-
gered landslides (ETL) distribution in the region from the 2015 Gorkha

earthquake, data from (Gnyawali and Adhikari 2017). (c) Sub-basins
along the river valleys of LRK and NTK as the area of analysis in this
study
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primarily following the Koshi river and then further as-
cends to 1250m in Kathmandu, Nepal. NTKwas recent-
ly closed due to heavy damage by the 2015 Gorkha
earthquake and initiatives are now going on to reopen
the route (Himalayan News Service 2018). Geologically,
it intersects metamorphic and carbonate rocks along with
mixed grain-sized and siliciclastic sedimentary rocks
(Wandrey and Law 1998). NTK has 85 sub-basins of
streams draining primarily into the Koshi river with a
total area of 475.8 km2.

The computation region is confined to stream catchments
that intersect the highway and bounded by a 6 km buffer
upslope. However, for the analysis region, a further reduced
2 km upslope buffer is applied and named the debris influence
zone. These stream catchments intersecting the highway are
the highway slope units because they overlap the slope units
as defined by (Alvioli et al. 2016; Ba et al. 2018; Wang et al.
2017).

Datasets

Two sets of landslide inventory maps comprising all types of
slope failures were prepared for this study: 1) rainfall triggered
landslides (RTL) and 2) earthquake triggered landslides
(ETL), Fig. 2.

(1) Rainfall-triggered landslides (RTL)
RTL were mapped by manually digitizing the bare

earth-landslide scars in historical satellite images of
Google Earth. It mainly consisted of CNES/Airbus,
DigitalGlobe and SPOT imagery with resolution ranging
from 1.5 to 2.5 m. Smaller area landslides tend to be
erased from the landscape more quickly than larger area
landslides due to vegetation cover. Thus, a multi-
temporal inventory of 5 years was prepared. This includ-
ed landslides from 2012 to 2015 (before the earthquake
struck) and from 2016 to 2017 (after the earthquake).

Partial imagery gaps at different time scales existed in
some parts; however, a 5-year overall temporal coverage
is assumed.

(2) Earthquake-triggered landslides (ETL)

The Mw 7.8, 2015 Gorkha earthquake struck the region on
the 25th of April 2015. There were 553 aftershocks following
the main shock (> 4.0 Mw) within the first 45 days (Adhikari
et al. 2015), causing additional landslides. Thus, the ETL in-
ventory comprised all landslides that were triggered by the
main shock and subsequent aftershocks from 25th April to
15th June 2015. The inventory of (Roback et al. 2018) was
clipped into the study region since it was comprehensive with
the highest number of detected landslides in the study area
among other published inventories. The ETL had been
mapped by comparing pre- and post-event high-resolution
DigitalGlobe, Worldview-2 and -3 satellite imagery, and sup-
plemented with Astrium’s Pleiades and Google Earth images
in places of cloud-cover or distortion.

Determinants for landslides

Landslide determinants distribution along the LRK and NTK
are shown in Figs. 3 and 4.

Slope

The slope determines the amount of runoff, distribution of
groundwater and energy potential of the earth’s soil erosion
(Cooke and Doornkamp 1990). Surface runoff due to the force
of gravity is accelerated on steeper slopes. In this study, the
slopes were reclassified into eight equal classes l: 0–10°, 10–
20°, ..., 60–70° and > 70°.

Aspect

Slope aspect is related to precipitation, natural vegetation
thickness, wind impact, sunlight exposure and orientation of

Fig. 2 Landslide inventories
along the routes. (a) ETL along
LRK. (b) RTL along LRK. (c)
ETL along NTK. (d) RTL along
NTK. (e) Landslide area proba-
bility (normalized number of
landslides per logarithmic bin
width and the total number of
landslides) distribution along the
routes
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discontinuities controlling the landslides (Ercanoglu et al.
2004) and in thecase of ETL, it is related to the direction of
seismic energy release. The aspect was derived using the
DEM and with the following eight common classes: N
(337.5°–22.5°), NE (22.5°–67.5°), E, SE, S, SW, W and NW
(292.5°–337.5°).

Curvature

Slope curvature controls the erosion process as it represents
topographic morphology. The plan curvature indicates erosion
and transport potential of slope material, while the profile
curvature indicates the acceleration and deceleration of move-
ment (Erener and Düzgün 2010). In this study, the total cur-
vature is considered, which combines both. It is classified into
six classes of equal intervals: < −4, −4 to −2, −2 to 0, 0 to 2, 2
to 4 and > 4. The negative curvature means concave surface,
positive means convex and zero means flat ground.

Elevation

Both the road corridors descend sharply along the Himalayan
river courses ranging from 423 to 5601 m a.s.l. in 183 km of
LRK and 571 to 5601 m a.s.l. in 137 km of NTK. This large
altitude variation is also reflected in changing precipitation
zones, temperature, anthropogenic activities and the gravita-
tional potential energy of landslides (Ercanoglu et al. 2004).
Thus, altitude is chosen as a main parameter for this study. It is
classified into equal intervals of 250 m.

Distance to streams

Riverbank erosion is another important cause of landslides
(Zêzere et al. 1999). Slopes near streams are vulnerable to
landsliding, due to bank cutting causing toe erosion or by
water saturation reducing the frictional strength of the materi-
al. The streams distance was classified into four classes: 0–
100 m, 100–200 m, 200–500 m and > 500 m.

Fig. 3 Landslide determinants
along the Longmu–Rasuwa–
Kathmandu (LRK) route

Fig. 4 Landslide determinants
along the Nyalam–Tatopani–
Kathmandu (NTK) route
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Stream power index (SPI)

SPI is a measure of the erosive power of the stream. The SPI is
defined as:

SPI ¼ log As � tanβð Þ ð1Þ
withAs being the specific catchment area and β being the local
slope, in degrees. SPI is divided into six classes based on
natural breaks classification: < −4, −4 to −0.5, −0.5 to 1, 1
to 2.5, 2.5 to 4 and > 4.

Normalized vegetation difference index (NDVI)

NDVI indicates the presence, vigour and intensity of green
vegetation in the study area (Erener and Düzgün 2010). It is
calculated from a cloud-free Landsat 8 image, using the for-
mula:

NDVI ¼ IR−Rð Þ
IRþ Rð Þ ð2Þ

where R and IR represent red and near-infrared bands of the
electromagnetic spectrum.

Lithology

Lithology characterizes slope-forming material and affects the
strength and permeability of slopes (Dai and Lee 2002). Four
types of lithological covers are found in the study area: meta-
morphics (pure carbonate) (mtpu)-, metamorphics (mt), mixed
sedimentary rocks with mixed grain size (smmx) and
siliciclastic sedimentary rocks with mixed grain size and fossil
plant organic material mentioned (smmxcl). At high altitudes,
ice and glacier (ig) covers were also included in the litholog-
ical calculation.

Distance to roads

Roadside cut slopes and embankments are critical to landslid-
ing in mountainous areas (Hearn and Shakya 2017). Multi-
fold landslide occurrences are more observed near roadside
slopes than on normal slopes in this region (McAdoo et al.
2018). Thus, distance to roads is an important factor here. It
was categorized into four classes: 0–100 m, 100–200 m, 200–
500 m and > 500 m.

Methods

A flowchart for the overall process adopted in this work is
presented in Fig. 5.

Study area: slope units intersecting the highways

Hydrological regions bounded by drainage and ridge lines,
also known as slope units, are reliable terrain mapping units
for landslide susceptibility assessment (Alvioli et al. 2016;
Guzzetti 2006). In this study, a 6 km buffer area around the
highways and that enclosing the river valleys was chosen and
a 12.5 m × 12.5 m digital elevation model (DEM) fromALOS
Phased Array type L-band Synthetic Aperture Radar
(PALSAR) was clipped in it. Sub-basins of drainage lines
(min. contribution area = 3 km2) were generated from this
DEM using the ArcHydro tools in ArcGIS. Then, the sub-
basins that intersected the roads were chosen as the mapping
units. Some residual regions that cannot contribute slope de-
bris on highways were clipped out manually. LRK had 90
such sub-basins and NTK had 85, Fig. 1. However, the final
susceptibility maps are further clipped by a 2-km upslope
buffer that encloses the maximum runout distance of all the
mapped landslides.

Fig. 5 Flowchart for mapping the
landslide susceptibility
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Landslide inventories and determinants

ETL polygons obtained from (Roback et al. 2018) were over-
laid on Google earth and then RTL were mapped from 2012 to
2017. The ETL and RTL were split into two parts: 1) training
set (~70% of the total landslides number) and 2) validation set
(remaining ~30%), Fig. 2. This was done by random sampling
and three independent and overlapping samples of training
and validation sets were created for threefold cross validation.
For example, in LRK route, 3 + 3 training and validation data
for RTL and 3 + 3 for ETL were generated. The training land-
slides were used to train the susceptibility model. The geo-
morphic and hydrologic determinants were derived in GIS
from the DEM. NDVI is calculated from the Landsat 8 image
of 2015-01-24with the least cloud cover. Lithological maps of
Southeast Asia (Wandrey and Law 1998) in 1:10 miles were
used for the geological determinant. Open street maps data
was used for roads.

FR of determinants and AHP coupling

The landslide determinants were re-classified at suitable inter-
vals as described above. Each sub-class of a determinant had a
different impact on the landslide occurrence. Therefore, a rat-
ing of each subclass within each landslide determinant was
done based on the landslide relative frequency ratio (FR) de-
fined as:

FR ¼ LF
CA

=∑
LF
CA

ð3Þ

where LF is the landslide number frequency recorded into the
individual class and CA is the proportional class area. Then
this value was normalized by the sum and named normalized
frequency ratio (nFR). The larger value of nFR means that the
parameter class is more dominant for landslide susceptibility.
In this way, we get the individual impact of each subclass of
the landslide determinant. Then, the next step was to couple it
with the analytical hierarchy process (AHP) to quantify the
relative weight of each of the nine landslide determinants.

Firstly, the number-weighted average FR is computed for
each landslide determinant. Then pairwise comparisons are
made based on these values for each of the landslide determi-
nants and for all possible combinations. Finally, these values
are fed into the pairwise comparison matrix. Once the com-
parison matrix is built, the mathematical processing of the
AHP was implemented to calculate the susceptibility indices
and followed by the generation of landslide susceptibility
maps for ETL and RTL.

The AHP algorithm calculates the principal or maximum
eigenvector of the comparison matrix yielding the proportion-
al weights of each landslide determinant, which sum to 1. The
consistency of the pairwise comparison matrix is described by

the consistency ratio (CR), defined as the ratio of the random
inconsistency index (RI) to the consistency index (CI), and is
generally accepted when CR is <0.1 (Saaty 1980). The CI is
expressed with Eq. 2:

CI ¼ λmax−n
n−1

ð4Þ

where λmax is the major value of the comparison matrix and n
is the order of the matrix. RI is the consistency of a randomly
generated pairwise matrix, and it depends on the size of the
matrix, Table 1 (Saaty 1980).

Calculation of landslide susceptibility

The normalized principal eigenvectors of each matrix,
Tables 3 to 4, yield overall weight values for each landslide
determinant by AHP, and for each class of a determinant, the
weights were already determined by FR. The weights indicate
the importance of the determinant and its class. Finally, the
overall Landslide Susceptibility Index (LSI) is obtained by the
weighted linear sum:

LSI ¼ ∑
n

j¼1
W jwij ð5Þ

where Wj is the weight value of landslide determinant j (from
AHP), while wij is the weight value of class i of the determi-
nant j (from FR), and n is the number of causative factors. The
value of the LSI for each pixel gives the area of the LSI map.

Categorical classification of the LSI map is suitable for
comparison studies; however, no common rules to categorize
such continuous data is well established (Ayalew and
Yamagishi 2005); different researchers use their own expert
opinion to develop classes’ boundaries (Kayastha et al. 2013).
In this study, the desired landslide susceptibility maps were
categorized into five susceptibility classes, defined by the nat-
ural breaks classification method (Demir et al. 2013). Finally,
the LSI map was clipped into debris influence zones.

Validation of the susceptibility maps

In order to eliminate the performance measure variability aris-
ing from sampling variation, a threefold cross validation is
adopted (Petschko et al. 2014). A single model performance
is assessed through the prediction rate curve, which is a plot of
cumulative percentage of observed validation landslides
against the cumulative percentage of decreasing LSI values

Table 1 RI values based on the size of the matrix

n 1 2 3 4 5 6 7 8 9 10

RI 0.0 0.0 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.51
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(Kayastha et al. 2013). This is done for all 12 dataset cases in
ETL and RTL of the LRK and NTK.While extracting the LSI
values, the majority cells value in the whole landslide body
was chosen. The closer the AUC value is towards 100%, the
more accurate the model.

Comparison of the two road corridors

For comparison between the two routes, the median value of
LSI in each ETL and RTL was used to split high or low
landslide probability for each pixel. Then, using the combine
tool in GIS, each pixel was assigned either of these four
values: (i) high ETL and RTL both, (ii) high ETL low RTL,
(iii) high RTL low ETL or (iv) low ETL and RTL both. Then
total area of each type of pixel was used for the route
comparison.

Results

Landslide statistics

The total number of the ETL is higher than RTL, for both of
the routes (LRK: 4 times, NTK: 13 times). The total number
of ETL on NTK (2489nos.) is 3.4 times higher than LRK
(727). The probability density of large area landslides is
higher in the case of RTL, Fig. 2e. NTK has a higher number
of smaller area (< 200 m2) ETL, while LRK has higher num-
ber of larger area (larger than 10000m2) ETL, Fig. 2e. Further,
the percentage of RTL within 100 m of the highways is higher
than ETL in both the routes (Table 2). The landslide inventory
and statistics are summarized in Table 2.

Spatial distribution and weights

A higher degree of spatial clustering is observed in ETL than
RTL, Fig. 2. In the spatial analysis, slopes of 20 to 60 de-
grees, aspects of SE-S-SW and SPI >2.5 were susceptible in
all four cases. Convex slopes (>2) were more susceptible in
RTL. The elevation of 1750 to 2750 m a.s.l. was susceptible
for ETL, while 500 to 3250 m a.s.l. was susceptible for RTL.

NDVI range from 0.12 to 0.23 had peaks of nLF then
dropped in RTL, while increasing NDVI values indicated
an increase in nLF in ETL. In lithology, mtpu (metamorphic
pure carbonate) and smmx (mixed sedimentary rocks with
mixed grain size) were most susceptible in all cases. Stream
distance <200 m had the highest nLF. Road distance <100 m
had larger nLF (0.28 and 0.48) peaks in RTL, while that peak
shifted to a higher distance of 200–500 m in ETL. The results
of class weights of the data layers are shown in Fig. 6.

Pairwise comparison matrices for AHP is shown in
Tables 3 and 4. In weight comparison of the determinants,
elevation with average AHP weight (0.22), slope (0.20) and
curvature (0.14) were important in ETL occurrences, whereas
elevation with average AHP weight (0.24), aspect (0.16) and
curvature (0.11) were important in the case of RTL. Lithology
(0.05) and distance to roads (0.06) had the least influence in
both cases. In the case of route-based comparison for LRK
and NTK, the factor weights are similar. The results of the
AHP factor weights are shown in the last column of
Tables 3 and 4.

Landslide susceptibility maps

The landslide susceptibility maps for four cases: 1) LRK-ETL,
2) LRK-RTL, 3) NTK-ETL and 4) NTK-RTL are shown in
Fig. 7. The proportion of high and very high classes of land-
slides susceptibility is higher in the LRK (125.25 km2 in RTL,
75.17 km2 in ETL) route than in the NTK (31.73 km2 in RTL,
74.36 km2 in ETL).

Validation

Table 5 shows the area under the curve (AUC) of prediction rate
values for different random subsets of the training landslides in
threefold validation. The variation of AUC is reasonably small
in all cases. The maximum variation is observed in LRK ETL
with 6.8% andminimum 0.8% inNTKETL. Figure 8 shows the
average prediction rate curves of threefold cross validation. On
landslide type, ETL have higher prediction rates (85.5% LRK,
80.0% NTK) than RTL, while on roads, LRK has higher pre-
diction rate (83% avg.) then NTK (77.6%).

Table 2 Landslide inventory statistics of LRK and NTK route

Types of landslides Number of landslides Average area
(×103m2)

Percentage of landslides within
100 m of the highways

LRK NTK LRK NTK LRK NTK

Slope units *Debris influence zone Slope units *Debris influence zone

RTL 169 128 193 113 9.4 2532.0 47% 15%

ETL 727 336 2489 1085 5.9 2.6 36% 9%
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Route comparison

The NTK route is found safer in terms of landsliding in
all cases, Fig. 9. For route comparison, the combined

ETL and RTL susceptibility maps are useful, as shown
in Fig. 10. NTK has 133.5 km2 of high RTL or ETL
(or both) landslide susceptible areas, whereas LRK has
a 216.04 km2 area as such.

Fig. 6 Landslide determinants
subclasses vs. normalized
frequency ratio (nFR) plots

Table 3 Pairwise comparison matrix for ETL and RTL of LRK route

Determinant [1] [2] [3] [4] [5] [6] [7] [8] [9] Eigen weight

ET RT ET RT ET RT ET RT ET RT ET RT ET RT ET RT ET RT ET RT

[1] Slope 1.00 1.00 0.17 0.08

[2] Aspect 0.62 1.88 1.00 1.00 0.11 0.15

[3] Curvature 0.88 1.38 1.42 0.73 1.00 1.00 0.15 0.11

[4] Elevation 1.38 3.23 2.23 1.72 1.57 2.35 1.00 1.00 0.24 0.26

[5] Streams 0.43 0.94 0.69 0.50 0.49 0.68 0.31 0.29 1.00 1.00 0.07 0.08

[6] SPI 0.45 1.23 0.73 0.65 0.52 0.89 0.33 0.38 1.06 1.31 1.00 1.00 0.08 0.10

[7] NDVI 0.47 1.19 0.75 0.63 0.53 0.86 0.34 0.37 1.09 1.27 1.03 0.96 1.00 1.00 0.08 0.10

[8] Lithology 0.18 0.71 0.29 0.38 0.20 0.52 0.13 0.22 0.42 0.76 0.40 0.58 0.39 0.60 1.00 1.00 0.03 0.06

[9] Roads 0.36 0.87 0.58 0.46 0.41 0.64 0.26 0.27 0.83 0.93 0.79 0.71 0.77 0.74 1.99 1.23 1.00 1.00 0.06 0.07

(Consistency ratio: ETL = 0.012, RTL = 0.052)
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Discussions

Landslide statistics and clustering

The size of ETL are mainly dependent on the shaking duration
and partly on the topographic steepness (Collins and Jibson
2015; Marc et al. 2016). The size distributions of ETL and

RTL landslides found in the slope units of these highways are
comparable as observed in (Marc et al. 2019) for the region.
However, some very large area landslides were found in cases
of RTL for both highways. Intense precipitation, road proxim-
ity and presence of anthropogenic activities apparently seem
to have increased the chances of these large area RTL
(Jaboyedoff et al. 2015; McAdoo et al. 2018). The 3.4 times

Table 4 Pairwise comparison matrix for ETL and RTL of NTK route

Determinant [1] [2] [3] [4] [5] [6] [7] [8] [9] Eigen weight

ET RT ET RT ET RT ET RT ET RT ET RT ET RT ET RT ET RT ET RT

[1] Slope 1.00 1.00 0.23 0.11

[2] Aspect 0.51 1.43 1.00 1.00 0.12 0.16

[3] Curvature 0.57 1.00 1.12 0.70 1.00 1.00 0.13 0.11

[4] Elevation 0.87 2.04 1.68 1.43 1.51 2.05 1.00 1.00 0.20 0.23

[5] Streams 0.30 0.76 0.58 0.53 0.52 0.76 0.35 0.37 1.00 1.00 0.07 0.09

[6] SPI 0.33 0.77 0.63 0.54 0.57 0.78 0.38 0.38 1.09 1.02 1.00 1.00 0.07 0.09

[7] NDVI 0.35 0.74 0.68 0.52 0.61 0.74 0.40 0.36 1.16 0.97 1.07 0.95 1.00 1.00 0.08 0.08

[8] Lithology 0.22 0.54 0.43 0.37 0.38 0.54 0.25 0.26 0.73 0.71 0.67 0.69 0.63 0.73 1.00 1.00 0.05 0.06

[9] Roads 0.26 0.58 0.50 0.40 0.45 0.58 0.30 0.28 0.86 0.76 0.79 0.75 0.74 0.78 1.18 1.08 1.00 1.00 0.06 0.07

(Consistency ratio: ETL = 0.001, RTL = 0.001)
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higher number of mapped ETL inNTK than LRK is because it
passes near the end of a blind seismic rupture where maximum
aftershock seismicity was observed (Adhikari et al. 2015).

RTL are found more uniformly distributed throughout the
routes, Fig. 2b and d, while the spatial clustering of ETL is
distinguishable in both the routes, Fig. 2a and c. The seismic
energy of rupture from the 2015 Gorkha earthquake propagat-
ed in the eastwards direction from the epicentre (Mencin et al.
2016) (towards further west of LRK). Both these routes
intersected the direction of energy propagation orthogonally,
as they are north–south oriented. Thus, a clustering of the
landslides in the portion parallel to that direction is consistent.
The higher ETL density in part of the routes also correlates to
high annual precipitation areas (Roback et al. 2018). Further,
(Tsou et al. 2018) confirmed a similar clustering of the ETL on
the Trishuli valley, on steeper slopes (> 35°) of fluvially in-
cised V-shaped inner gorges de-buttressed and de-stabilized
due to long-term river incision. The LRK passes primarily
along this gorge, and our mapped landslides in RTL and
ETL follow this trend, Fig. 6a.

Spatial distribution and weights analysis
of determinants

In geomorphic determinants, RTL occurred on flatter slopes
(31–40 degrees) than ETL (51–60 degrees), Fig. 6(a), because

RTL are mainly debris slides, flows or deep-seated failures
that occurr on gentle slopes, while the ETL are mainly shallow
disrupted slides or rockfalls on steeper slopes (Gnyawali and
Adhikari 2017; Roback et al. 2018). In this respect, Fig. 6(b),
the southward slopes (south–east, south and south–west) were
susceptible in all four cases because the movement of mon-
soon moist airflow passes from the east and causes rainfall
with an increase of elevation, especially on these windward
slopes of the region (Zhang et al. 2018). Further, from satellite
images, it is evident that the northern slopes are densely veg-
etated, while the southern slopes are barren and habitable,
which make themmore susceptible to landslides. In curvature,
Fig. 6(c), convex slopes were more susceptible to RTL
(values>2), while both convex and concave surfaces were
equally susceptible to ETL. The elevation from 1750 m a.s.l.
to 2750 m a.s.l., where maximum ETL was observed along
both the routes, could be related to the elevation of the blind
fault triggering this earthquake (Zhang et al. 2018), Fig. 6(d).
In RTL, this range was different, i.e. 500 m a.s.l. to
3250 m a.s.l. The elevations lower than 3250 m a.s.l. were
susceptible to landslides in both cases because of the existence
of human activities and fluvial erosion, which is evident from
the satellite images.

In hydrologic determinants, long term river incision has
caused de-buttressing and destabilizing of the rock masses
causing many landslides in this region (Tsou et al. 2018).
Large GLOFs have also triggered many landslides due to
toe-erosion (Marc et al. 2018). In ETL, Fig. 6(e), the closest
distance to the streams (0–100 m) having the highest nFR (0.3
and 0.35) is presumably because of two reasons 1) presence of
critically stable slopes at riversides and 2) river valley ampli-
fication of seismic waves. On the other hand, the peak of RTL
occurs at a higher distance of 100–200 because their average
sizes are larger, and thus their centroid points are at a larger
distance to the streams. A higher stream power index indicated
higher erosion potential of materials and hence higher land-
slide susceptibility, in both LRK and NTK, Fig. 6(f).

In NDVI, Fig. 6(g), the RTL had a peak at 0.17 to 0.23
NDVI class in both the routes, and the nFR decreased on
increasing the NDVI values then after. The reason is that the
RTL are mainly debris slides or flows and the presence of
green vegetation reinforces the soil through its roots, reduces
the energy of surface runoff and percolation, and thereby in-
creases the slope stability. In ETL, the susceptibility increases
with the increasing NDVI values because the shallow mass

Table 5 Results of threefold
cross validation AUCs. V1, V2
and V3 are validation sets of
landslides

Validation set LRK NTK

V1 V2 V3 Average V1 V2 V3 Average

RTL 82.9% 80.5% 78.1% 80.5% 78.4% 73.5% 73.8% 75.3%

ETL 84.4% 82.6% 89.4% 85.5% 80.1% 79.3% 80.5% 80.0%

Fig. 8 Prediction rate curves for threefold cross validation where AUC
represent the quality of the models used
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disrupted slides or rockfalls in this category occurred on steep
slopes that are devoid of vegetation cover. In lithology, Fig. 6
(h), there is not a significant relationship between the litholog-
ical units and the landslides distribution due to the Gorkha
earthquake (Roback et al. 2018). The metamorphic-pure car-
bonate rocks (mtpu_) and mixed sedimentary rocks with

mixed grain sizes (smmx_) were the most susceptible classes
for both ETL and RTL. In civil structure, i.e. distance to road,
Fig. 6(i), the road construction in this region often continues
without due consideration of engineering geology (Dahal et al.
2010) leading to multi-fold increases in the landslide rates
(McAdoo et al. 2018). The closest distance to roads (0–

Fig. 9 Susceptibility comparison
along the two routes. (a)
Individual susceptibility compari-
son on ETL and RTL. (b)
Combined susceptibility compar-
ison based on the landslide type

Fig. 10 Combined rainfall and
earthquake triggered landslide
susceptibility maps for the two
routes
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100 m) had larger nFR (0.28 and 0.48) in RTL; while in ETL,
the peaks occurred at a slightly larger distance, i.e. 200–
500 m. The earthquake triggered landslides distribution is
mainly controlled by the ground accelerations (Meunier
et al. 2007) and modulated by the local terrain factors
(Meunier et al. 2008). Thus, this overruling relationship of
ETL to the road proximity is consistent.

In overall weight analysis, the primary topographic prox-
ies’ elevation, slope, aspect and curvature have mainly
governed the landslides susceptibility in both the routes. The
large variation in elevation range for both the routes primarily
relates to variation in precipitation zones, which is high in the
middle hills. (Gallen et al. 2015) found that in moist, high
relief, tectonically active and regions with strong climatic his-
tory, the rocks have reduced strength because of rapid
weathering and water saturated conditions nearer to the fault
zones. This fact enhances the landslide occurrence, and thus
the dominance of elevation in landslides distribution for this
region is consistent. Sharp variations in elevation in longitu-
dinal direction throughout the route traverse seem to have
escalated this control.

Landslide susceptibility maps

The produced susceptibility maps for RTL and ETL were
positively correlated in both the routes (i.e. NTK = 0.66 and
LRK = 0.18), Fig. 7. This means, for the NTK route, the RTL
susceptibility map can describe 66% of ETL susceptibility
areas and vice versa. However, for the LRK route, the ETL
and RTL susceptibility areas are very different and describe
only 18% of the area. It is important to note that the dynamic
inter-dependence of the landslide determinants with the earth-
quake ground motion is not considered in this study. The use
of RTL susceptibility maps is appropriate, but one should be
careful in using the ETL susceptibility maps (Zhang et al.
2018) because it is subjected to change if a different nature
of earthquake occurs.

For large scale planning and route comparisons, consider-
ing the unavailability of data for many earthquakes in the
region, a simple combination strategy using the median value
to separate high and low landslide occurrence probability is
chosen. However, this threshold can be case dependent and
might need more rigorous analysis. Further, their use should
be done with proper care as they have varying model accuracy
and thus more advanced methods of merging can be done in
the future considering their inter-dependence.

Validation

For statistical validation, Fig. 8, AUCs in threefold prediction
rate curves were satisfactory, e.g. LRK-ETL 85.5%, LRK-
RTL 80.5%, NTK-ETL 80.0% and NTK-RTL 75.3% in suc-
cess rate. Further, visual inspection of the susceptibility maps

by overlaying the landslide polygons was done and found to
be consistent for both large and small landslides. On checking,
some large area landslides, e.g. Mankha rock avalanche in the
NTK, Ramche landslide complex in the LRK, etc., lie in high
and very high susceptibility classes. This also provides evi-
dence of correctness in the modes used. In threefold valida-
tion, the minimum variation of AUC values observed in NTK
ETL can be inferred to the larger number of observed and
training ETL landslide samples in NTK (2489 nos.) compared
to LKR (727), which had the highest variation.

From the AUC comparisons, we observe that the prediction
performance of this coupled FR-AHP model is higher in the
case of ETL than RTL. This finding infers that sufficiently
complete inventories lead to better model training and predict-
ability. This is because the ETL are triggered in a short time
frame (one and half months, in this case) and most of the
landslides had been mapped from the satellite images
(Roback et al. 2018). On the other hand, the rainfall triggered
landslides occurred in multiple events over a long period of
time, and imagery gaps limited their complete mapping. Thus,
this coupled FR-AHPmethod can produce better results when
the event landslide inventories are sufficiently complete.

Route comparison

Although the number of mapped ETL in the NTK (1085 nos.)
is larger than LRK (336 nos.), the geomorphological suscep-
tibility of the slopes in the LRKwas foundmore susceptible to
landsliding. The observed higher number of landslides in the
NTK is possibly because the seismic energy of rupture of the
2015 Gorkha earthquake propagated in the eastwards direc-
tion from the epicentre (Mencin et al. 2016), where the route
crosses. Further, in the case of the RTL, the susceptibility is
consistent with a high number of landslides observed within
the debris influence zone.

In combined landslides susceptibility, the LRK has 1.6
times higher area of high RTL or ETL (or both types of land-
slides susceptibility classes) than NTK, Fig. 9(b). However,
this LRK route is now under prioritization for its development
considering the feasibility of dry port construction, railway
extension and shorter route to reach India (Beazley and
Lassoie 2017; Rana and Karmacharya 2016). Our findings
suggest that it is likely to face higher mitigation and debris
maintenance cost in the long run than the NTK route.

Conclusions

In this study, the earthquake and rainfall triggered landslides
susceptibility assessment of two trans-Himalayan roads was
conducted using the coupled FR-AHP method considering
nine landslide determinants and by constricting the mapping
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extent to the highway slope units. The conclusions can be
summarized as follows:

& Landslides susceptibility is higher in the LRK route than
NTK. Further attention has to be paid to landslides miti-
gation measures for LRK on prioritizing the route for high
vehicle mobility in future. Elevation, slope angle and as-
pect mainly control landslides distribution in these north–
south aligned Himalayan highways.

& For long route river valley corridors, constricting the study
area within the highway slope units can also yield reason-
able AUC for landslides susceptibility mapping. This ap-
proach can save considerable mapping and computation
efforts and can further be extended in other computational
extensive methods.

& The ETL and RTL susceptible areas are positively corre-
lated. However, their degree of correlation can vary highly
depending on the region. Thus, comprehensive landslide
hazard assessments considering both types of landslides
are a must.

& The AUCs for ETL (avg. 82.75%) were higher than that
for RTL (avg. 77.9%) based on threefold validation pre-
diction rate suggesting that the coupled FR-AHP method
can produce better results when the event landslide inven-
tories are sufficiently complete (which was in the case of
ETL here). However, the RTL susceptibility maps can be
reliable in detecting landslide prone areas, but for the ETL,
more advanced methods considering earthquake scenarios
are recommended to achieve sufficient reliability in them.
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