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Abstract: This study explores a comparative study of three sus-
ceptibility assessment models based on remote sensing (RS) and
geographic information system (GIS). The Lenggu region (China)
was selected as a case study. At first, a landslide inventory map
was compiled using data from existing geology reports, satellite
imagery, and coupling with field observations. Subsequently, three
models were built to map the landslide susceptibility using ana-
lytical hierarchy process (AHP), fuzzy logic (FL) and certainty
factors (CF). The resulting models were validated and compared
using areas under the curve (AUC). The AUC plot estimation re-
sults indicated that the three models are promising methods for
landslide susceptibility mapping. Among the three methods, CF
model has highest prediction accuracy than the other two models.
Similarly, the outcome of this study reveals that streams, faults,
slope and elevation are the main conditioning factors of landslides.
Especially, the erosion of streams plays a key role of the landslide
occurrence. These landslide susceptibility maps, to some extent,
reflect spatial distribution characteristics of landslides in al-
pine-canyon region of southwest China, and can be used for land
planning and hazard risk assessment.
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0 Introduction

Landslides are very common in the alpine-gorge
terrain of southwest China, due to a combination of steep
topography, high tectonic uplift rates, poor vegetation,
heavy precipitation and seismic activity!'. Millions of
cubic meters of material of landslides usually involve
and inflict severe damages to infrastructure, properties
and loss of life”.

The magnitude, the frequency of occurrence and the
impact on human activity of historical landslides and
debris flows in southwest China have motivated many
studies of different aspects of landslides™™. Among
these studies, understanding landslide mechanisms and
mapping susceptible areas are essential for land use
planning, as well as supports for decision-making activi-
ties in this area. However, exploring a suitable and reli-
able model for landslide susceptibility assessment is still
challenging due to the complex nature of landslides.
Meanwhile, both the quality of relevant spatial datasets
and the employed models have close impact on the sus-
ceptibility mapping and assessment” "'\ To address this,
various methods and techniques have been proposed for
the susceptibility analysis of or landslides or debris flows,
furthermore, to understand the controlling factors and to
predict the spatial distribution of landslides!'*""". Among
these models, statistical-based and physical-based ap-
proaches are the most used methods. Physical-based
techniques focus on the influence of geotechnical char-
acteristics on susceptibility analysis, which are suitable
for small or well-monitored landslides to investigate
physical, mechanical, and hydrological factors!'"); thus
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these models are not efficient, economical and practical
for large-scale areas.

Statistical-based models and machine learning
models assume conditions that caused slope failure in the
past and present are the same as those which are likely to
cause landslides in the future. In the literatures, the most
common statistical and machine learning models used in
landslide modeling are logistic regression®”, discrimi-

I fuzzy logic® artificial neural net-

nant analysis'”'
works'®! and support vector machines®” etc. Over the

past decades, geographic information system (GIS),

global positioning system (GPS) and remote sensing (RS)

have been widely used in geological hazard risk assess-
ment!?”, Compared with the traditional means of land-
slide survey, the inventory of landslides in the area that
human can rarely reach is relatively easy to access with
the availability of satellite imagery and aerial photogra-
phy.

In this paper, the analytical hierarchy process (AHP),
fuzzy logic (FL) and certainty factors (CF) techniques
were used to analyze landslide susceptibility in the
Lenggu Dam site area. These models have been evalu-
ated and compared. Eight major factors, namely, eleva-
tion, hill slope, slope aspect, lithology, distance to faults,
distance to streams, distance to roads and normalized
difference vegetation index (NDVI), were selected for
landslide susceptibility analysis. The weights of the con-
ditioning factors and certainty factors were obtained by
the three models, respectively. The received operating
characteristics (ROC) was eventually used for the as-
sessment, validation, and comparison of the resulting
models in order to choose the best model in this study.

1 Study Area

In this work, susceptibility analysis of landslides
was conducted in the Lenggu Dam site area. The Lenggu
Hydropower Station is the third cascade hydropower
project in the middle reach of the Yalong River, which is
a southward-flowing tributary of the Jinsha River in Si-
chuan, southwest China. The station controls a basin area
of 77 543 km?, which occupies 57% of the Yalong River.
The whole Lenggu Dam site area is located partly in Ya-
jiang County and partly in Kangding County, Sichuan
Province (Fig. 1).

Located in the east edge of Tibetan Plateau, the
study area is strongly affected by the ongoing plate con-
vergence between India and Eurasia. Hence, the Yalong
River was eroding downward to form the canyon with

quite steep slopes with uplifting of crust in the Quater-
nary'*. As a result of the unloading from the river inci-
sion, the rocks on the both sides of valleys are heavily
fractured and eroded. Landslides, rock falls or rockslides
were formed and they brought huge amounts of deposit
onto the bed rock surface!*”). Such a large deposit exhib-
its a complex record of instability, which is possible to
pose problems during engineering construction.

Fig.1 Location of study area

1.1 Geological Settings

Based on the field investigation, the study area is a
region underlain by metamorphic rocks. Four main faults
are located in the dam site (Fig. 2). Dahaizi, Milong,
Songyu and Caiyu faults are notable because of their
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Fig. 2 Geology of the dam area
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intense activities. The bedrock exposed in this area is
primarily the Triassic Formation, which consists of me-
tasandstone and slate. The metasandstone is gray and
fine-to-medium grained. Quartz dikes, generally follow-
ing fractures and bedding, are associated with the meta-
sandstone.

According to the history of the regional seismic re-
cords near Yalong River, several strong earthquakes have
been triggered by the faults nearby in the dam area.
Among 91 earthquakes, those MS=4.7 were recorded
by the end of June 2008. The magnitude of the earth-
quakes is shown in Fig. 3.
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Fig. 3 Earthquake of MS==4.7 epicenter distribution in the

dam area

1.2 Topography

In the study area, elevation of mountains ranges
from 4 600 to 4 900 m. The Yalong River flows from
north to south. Figure 4 shows the field photographs of
Yahong River. The cutting depth of the river is deeper in
the lower reaches than in the upper reaches. Slope gra-
dients of the mountains reach 40°-55° in the lower
reaches, and 30°-40° in the upper reaches. Slope gradi-
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(a) Upper reaches of Yalong River

(b) Lower reaches of Yalong River

Fig. 4  Field photographs of Yahong River

ents of several hills reach 60°-85°, forming a V shape. It
is a typical alpine canyon landscape.
1.3 Meteorology

In southwest China, there is an alpine-valley region
that is usually called a “dry-hot valley”. During summer,
this particular terrain causes the warm and moist air flow
to lose its moisture upon reaching the valleys. However,
during winter, dry continental air flow carries less mois-
ture. After thousands of years, these particular phenome-
non contribute to the formation of a “dry-hot valley”.

The study area, located in the dry-hot valley region,
has an annual average temperature about 22 “C with re-
corded temperatures of -2 to 42 ‘C. Such temperature
difference accelerates weathering of rock masses and
generates new loose materials, thus providing conditions
for triggering landslides and debris flows.

On average, the study area receives 949.1 mm of
rain per year, with most of the precipitation (90%-95%)
occurring between May and October. Hourly and daily
rainfall thresholds range from 30 to 40 mm, and from 70
to 80 mm, respectively. Therefore, landslides and debris

flows are likely to occur in the area!®®],

2 Methodologies

2.1 AHP Model

The AHP model is a powerful and practical tech-
nique for quantitatively multi-criteria decisions'*”. AHP
is considered as a subjective-weighting method for
justifying decision optimality based on perceptions and
judgments. Since developed, AHP model has been
widely used in landslide susceptibility analysis and many
studies have been conducted™.

The AHP needs to check the rationality of the char-
acteristic vector which is based on the judgment matrix,
and it asks for that the judgment matrix has the general
consistency in order to ensure that the calculation results
are basically reasonable. Therefore, it is necessary to test
the consistency of the judgment matrix. R., named the
consistency ratio, is acquired by comparing the consis-
tency index /. to a random consistency index I, . The
consistency test can be expressed as

R = L @)
IR
1. can be expressed as

_ //lmax —n

1

C

2

n—1
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where 7 is the number of parameters and A, is the larg-
est eigenvalue of a preference matrix. The smaller R,
the greater the consistency. The matrix can be accounted
as having satisfactory consistency in condition of R
being less than 0.1, Otherwise, it is necessary to revise
and adjust the judgment matrix at this level until the
consistency test meets the requirements.
2.2 CF Model

CF model is usually used to evaluate the sensitivity
of various factors that affect an event. CF model is a kind
of the probability function first proposed by Shortliffe
and Buchanan®®”. The CF model is considered as one of
the favorable models to deal with the problem of the un-
certainty of data layers. Therefore, the CF model has
been widely applied to geological disaster susceptibility
assessment such as landslide and debris flow susceptibil-
ity assessment””'!. The weights of each pixel of maps are
classified by applying Eq. (3):

M’ P, = PP,
PP (I—PP)
~) pp —pp )
a T <PP

PP(1-PP)" "

where CF is the certainty factor. PP, is the conditional
probability of landslide occurring. PP, is the conditional
probability of the numbers of landslide in the study area. At
a practical level, PP, is the ratio of the area of landslides
in the study area to the whole research area, and PP, is
the ratio of the area of landslide occurrence to the total
area of the influence factor in a certain level.

In the CF model, an increasing certainty of the
landslide occurrence can be expressed by a positive
value between [0, 1], while the decreasing certainty of
the landslide occurrence can be represented by a negative
value within the interval [-1, 0]. A value close to 0
means the certainty of landslide occurrences is not sure,
and it is hard to make the judgement. .

Firstly, the CF values of conditioning factors of
landslides were calculated through Eq. (4). Then, the
calculated CF values were integrated in pairs. The CF
value Z is the integral of the two CF values of X and ¥

which can be determined as follows™":

X+Y-XY, X, Y=0
)Xy <o @)
Z={1=min( X |7 ])

X +Y+ XY, X, Y <0

The pairwise integration is repeated until all layers
are calculated and the landslide susceptibility index is

finally calculated.
2.3 FL Model

FL was first proposed by American mathematician
Zadeh in 1965%. The FL model converts the original
variables into fuzzy sets represented by membership
functions. The interval [-1, 1] of fuzzy sets indicates the
true extent of the propositional assertions, which is also
called the membership degree.

When the membership degree reaches 1, the area is
completely favorable for the landslide disaster, whereas the
value of the membership degree close to 0 represents the
area is completely not favorable for the landslide disaster at
all. With the use of the fuzzy logic method, the variables
are usually first blurred. That is to say, the membership
degree of the variable is first calculated by the membership
function. Fuzzy operators are then combined. The mem-
bership degree of this study is calculated as follows:

0, n,  Min
. —Mi .
u(n)= %, Min <n, <Max %)
1 n, = Max

where #; is the number of landslides in different catego-
ries, and u(n;) is the membership function. Max is 90%
of the largest n; value in the category, and Min is 10% of
Max.

The fuzzy operator used in the fuzzy synthesis is the
Y Operator[34]
follows:

i Z[ljﬂijy '{kﬁ(l—ﬂi )}W (6)

i=1

, and the ¥ operator can be written as

where g;1s the membership degree of number i variables;
¥ has a value between 0 and 1.

3 Data

3.1 Landslide Inventory Map

A landslide inventory map, which identifies the spe-
cific location of the existing landslides, is crucial in the
(35361 1t allows

us to figure out the relations between existing landslide

work of landslide susceptibility assessments

with conditioning and triggering, and to acquire the con-
nection between landslides that have occurred in the past
and that will take place in future. In the study area, exten-
sive field surveys and observations were conducted to
produce a detailed and reliable landslide inventory map. A
total of 76 landslides were identified and mapped by using
aerial photograph. The satellite images and field survey
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and the locations of 76 landslides are mapped in Fig. 5.

Fig. 5 Alandslide inventory map of study area

Some views of the recent landslides identified in the
study area are shown in Fig. 6. A digital elevation model
(DEM) was created at 1:25 000-sclae. The DEM map has
a grid size of 30 m with 15 354 cells.

3.2 Production of the Thematic Data Layers

In order to carry out the landslide susceptibility
zoning of the study area, eight landslide conditioning
factors were considered. These factors are slope angle,
slope aspect, altitude, lithology, distance from faults,
distance from rivers, distance from roads and NDVI.
AHP model was taken for instance. Eight data layers

were produced by the following steps.

e Slope angle

The slope angle is the most commonly used pa-
rameter in preparing landslide susceptibility maps””,
because the greater downslope component of gravity at
steeper slope results in the increase of shear stress in the
slope, increasing the probability of landslide occur-
rence®). In this study, the slope angle map of the study
area was derived from a DEM with 30 m spatial resolu-
tion and divided into eight slope categories (Fig. 7(a)).

e Slope aspect

The slope aspect has been considered as an impor-
tant factor for landslide susceptibility mapping since it
can directly affect slope instability™. The different slope
aspects result in the different exposure to drying winds in
“dry-hot valley”, sunlight and degree of saturation as a
result of rainfall®”. In this study, slope aspects were
grouped into eight classes, shown as flat, north (N,
337.5°- 360°, 0°-22.5°), northeast (NE, 22.5°-67.5°), east
(E, 67.5°-112.5°), southeast (SE, 112.5°-157.5°), south
(S, 157.5°-202.5°), southwest (SW, 202.5°-247.5°), west
(W, 247.5°-292.5°) and northwest (NW, 292.5°-337.5°)
in Fig. 7(b).

e Altitude

Altitude is widely applied in the analysis of land-
slide susceptibility. The elevation range of the study area
is 2 190-5 200 m, which is divided into eight grades,
spacing of 500 m (Fig. 7(c)).

()

Fig. 6 Images in three-dimensional image system and field photographs of some occurred landslides in study area
(2) Middel Dam Landslide (in three-dimensional image system); (b)Middel Dam Landslide (field photographs); (c) Gaxiapa Landslide (in three- dimensional image

system); (d) Gaxiapa Landslide (field photographs); (e) Songyu Landslide (in three-dimensional image system); (f) Songyu Landslide (field photographs); (g) Caiyu
Landslide (in three-dimensional image system); (h) Caiyu Landslide (field photographs)
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Fig. 7 Landslide conditioning factors of the study area in AHP model

¢ Lithology

Lithology directly reflects the shear strength and
permeability of the rock. Different lithological units have
different abilities to resist the weathering and erosional
processes*!. Lithology, therefore, is very important in

the study of landslide susceptibility!**

. Nine lithological
classifications were identified in the study area (Fig. 7(d)).

o Distance from faults

Faults are usually related to slope failures**!. Due to
the weak strength of the rock mass by shearing, seismic
shaking and other mechanisms nearby faults, a weak line
or zone around a fault can be characterized by heavily

(44 Fault lines were obtained from the

fractured rocks
geological map of the study area. The distances from
faults were classified into seven categories with an in-
terval of 1 000 m (Fig. 7(e)).

e Distance from rivers

The distance from rivers often affects the channel
incision on hillslope processes and landscape evolu-
tion*). Meanwhile, the moisture saturation of geo-ma-
terial plays an important role in the slope stability. In this
study, nine different buffer zones were produced with a
spacing of 250 m (Fig. 7(f)).

¢ Distance from roads

In mountainous region, any road cuttings on natural
slopes can cause the initiation of slope mass move-
ments*®!. The distance from roads, therefore, could be
helpful to be considered as a conditioning factor in land-
slide occurrence. The map of distance from roads was

also constructed by buffering having the respective in-
terval of 500 m in this paper (Fig. 7(g)).
e NDVI
NDVI is a measure of surface reflectance and gives
a quantitative estimate of the vegetation growth and
47, NDVI, derived from the satellite images,
was taken into consideration as a landslide-related factor.
The NDVIs were calculated by the following equation:
IR-R R
IR+R

biomass

NDVI=

where IR is the infrared portion of the electromagnetic
spectrum; R is the red portion of the electromagnetic
spectrum. In this study NDVIs were classified into six
groups with an interval of 0.2(Fig. 7(h)).

For CF model and FL model, similar to AHP model,
eight data layers were generated according to eight land-
slide conditioning factors of the study area, which were
divided into several categories with a certain interval.
The data layers are presented in Figs. 8 and 9.

4 Results and Discussion

41 Result of AHP Model

The eight conditioning factors have been ranked
respecting the impact to landslide occurrences in Table 1.
The last line shows the weight for each factor. Finally,
the landslide susceptibility index (LSI) using AHP model

is constructed by using the following equation'** :
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LSI,,;» = (slope anglex W, )+ (slope aspect x W, )
altitudex W, ) + (lithology X W, 1, )
distance from faults X W, )
distance from rivers x W, )
distance from roads x W, ) + (NDVIx W, )

(®)
where Wayp is the weightage for each landslide condi-

tioning factor. The levels of the influence of conditioning
factors were calculated by AHP model (Table 1). Ac-

cording to Table 1, it can be seen that slope angle and
slope aspect have the most and less influence on land-
slide occurrence with values of 0.296 and 0.032, respec-
tively. The other factors such as altitude, lithology, dis-
tance from faults, distance from rivers, distance from
roads and NDVI have weights of 0.082, 0.222, 0.144,
0.058, 0.053, and 0.111, respectively. The pixel values
were then reclassified in five groups by the natural break
method (very low, low, moderate, high, and very high).
The landslide susceptibility mapping by AHP model is
shown in Fig. 10.

Table 1 Paired comparison judgment matrix and the weight of each conditioning factors by analytical hierarchy process

Conditioning factors (€)) @) 3) 4 %) (6) @) 8)
(1) 1 1/3 3 1/4 7 6 5 1
2) 3 1 5 172 9 7 5 1
(3) 1/3 1/5 1 1/6 6 3 2 1
4) 4 2 6 1 9 7 7 1
Q) 1/7 1/9 1/6 1/9 1 1/3 1/3 1
(6) 1/6 1/7 1/3 1/7 3 1 3 1
7 1/5 1/5 1/2 1/7 3 1/3 2 1
®) 1 1 1 1 1 1 1 1
Weight 0.144 0.222 0.082 0.296 0.032 0.058 0.053 0.111

Consistency ratio: 0.161; (1) distance from faults; (2) lithology; (3) altitude; (4) slope angle; (5) slope aspect; (6) distance from rivers; (7) distance from roads; (8) NDVI

Fig. 10 Landslide susceptibility map derived from the AHP

model

4.2 Result of CF Model

By superimposing and calculating the landslide
frequency, the CF values of all factors were calculated
(Table 2). Then, the CF values of 8 conditioning factors
were determined through Eq. (3). The results of spatial
relationship between landslide and conditioning factors
are presented in Table 2. The CF values of the study area
were calculated using Eq. (3) and Eq. (4).

Finally, the LSI values of CF model in the study
area are between —1.000 and 0.939. Using natural break-
ing method, LSI values were divided into five categories
(very low, low, moderate, high, and very high).

4.3 Result of FL Model

For FL model, the spatial relationship parameters of
eight conditioning factors were calculated through the
equations mentioned in Section 2.3. The results of spatial
relationship between landslide and conditioning factors
are presented in Table 3. The pixel values were then re-
classified in five groups by the natural break method (very
low, low, moderate, high, and very high).

The landslide susceptibility can be mapped by CF
and FL model shown in Figs. 11 and 12, respectively.
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Table 2 Spatial relationship between each landslide conditioning factor and landslide by the CF model

Conditioning factors Classes G;a;(eiz/i;cl);al Landslide area/km’ Percentagreeg/fu/];andslide CF
Altitude <2500 m 38.340 2.814 7.341 0.939
2 500-3 000 m 178.259 8.397 4.711 0.902

3 000-3 500 m 352.906 1.765 0.500 0.041

3 500-4 000 m 563.118 0.076 0.013 -0.972

4 000-4 500 m 797.216 0.000 0.000 -1.000

>4 500 m 758.821 0.000 0.000 -1.000

Slope angle <10° 167.008 0.339 0.203 -0.578
10°-20° 467.370 1.655 0.354 -0.263

20°-30° 714.920 3.149 0.440 -0.082

30°-40° 788.659 4514 0.572 0.163

40°-50° 457.676 2.819 0.616 0.222

50°-60° 113.504 0.542 0.477 -0.005

60°-70° 10.715 0.023 0.219 -0.545

70°-80° 0.614 0.010 1.646 0.712

>80° 0.018 0.000 0.000 -1.000

Slope aspect Flat 0.061 0.000 0.000 -1.000
North 320.002 0.235 0.073 -0.848

Northeast 376.207 0.764 0.203 -0.578

East 363.214 3.171 0.873 0.453

Southeast 297.440 3.799 1.277 0.627

South 306.720 1.696 0.553 0.133

Southwest 366.221 1.308 0.357 -0.257

West 350.288 1.331 0.380 -0.209

North 340.331 0.749 0.220 -0.542

Lithology T 2 230.476 12.163 0.545 0.145
Y5 45.708 0.115 0.251 -0.462

vB5 151.801 0.015 0.010 -0.979

vo5 121.906 0.000 0.000 -1.000

T 0.200 0.000 0.000 -1.000

vp 9.483 0.294 3.104 0.854

S5 0.510 0.000 0.000 -1.000

505 45.361 0.000 0.000 -1.000

nys 106.411 0.103 0.097 -0.793

Snow Cover 6.402 0.000 0.000 -1.000

Distance form faults <1000 m 379.882 5.634 1.483 0.507
1 000-2 000 m 343.417 5.709 1.662 0.561

2 000-3 000 m 314.106 1.533 0.488 -0.340

3 000-4 000 m 279.161 0.022 0.008 -0.990

4 000-5 000 m 238.003 0.040 0.017 -0.978

5 000-6 000 m 216.399 0.115 0.053 -0.928

>6 000m 1045.715 0.000 0.000 -1.000

Continued on next page
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Table 2 (continued)

Distance from rivers <400 m 60.454 4.791 7.925 0.548
400-800 m 60.272 4.412 7.321 0.508

800-1 200 m 58.808 2.492 4.237 0.121

1200-1 600 m 56.468 0.893 1.581 -0.587

1 600-2 000 m 56.113 0.461 0.822 -0.787

2 000-2 400 m 56.671 0.003 0.006 -0.998

>2400 m 1662.138 0.000 0.000 -1.000

Distance from roads <500 m 109.627 8.962 8.175 0.705
500-1 000 m 82.654 2.886 3.491 0.274

1 000-1 500 m 79.459 0.344 0.432 -0.835

1 500-2 000 m 80.421 0.450 0.559 -0.786

2 000-2 500 m 72.085 0.289 0.401 -0.847

>3 000 m 85.649 0.123 0.143 -0.945

NDVI -1-0 1231.672 7.979 0.648 0.250
0-0.1 439.638 3.744 0.852 0.431

0.1-0.2 227.556 0.662 0.291 -0.403

0.2-0.3 203.414 0.234 0.115 -0.765

0.3-0.4 224.529 0.203 0.090 -0.815

0.4-0.5 231.928 0.176 0.076 -0.844

0.5-0.6 95.460 0.047 0.049 -0.899

0.6-1 14.616 0.007 0.051 -0.897

Table 3 Spatial relationship between each landslide conditioning factor and landslide by the FL. model

Conditioning factors i n n; w(n;)
Altitude 2193 m 1 0 0
2193-2 500 m 41175 3258 0.266 5
2 500-3 000 m 178 121 9877 1
3 000-3 500 m 265 189 2131 0.1397
3 500-4 000 m 370977 88 0
4 000-4 500 m 475 480 0 0
4 500-5 000 m 481 267 0 0
5000-5 500 m 31560 0 0
5 500-6 000 m 6 0 0
Slope angle 0°-10° 110 922 405 0
10°-20° 308 380 1899 0.292'5
20°-30° 471316 3670 0.658 5
30°-40° 540 391 5376 1
40°-50° 327 478 3315 0.5851
50°-60° 77 479 648 0.0339
60°-70° 7184 26 0
70°-80° 605 0 0
80°-90° 21 0 0

Continued on next page
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Table 3 (continued)

Slope aspect Flat 45 0 0
North 217 171 365 0
Northeast 230 838 449 0
East 246 329 1933 0.326 1
Southeast 230 065 5040 1
South 200 051 2768 0.5102
Southwest 242 198 1944 0.328 6
West 235739 1349 0.197 4
Northwest 241 340 1 506 0.2320
Distance from rivers 0-200 m 30923 1824 0.603 4
200-400 m 30475 2924 1
400-600 m 30369 2813 1
600-800 m 30269 2319 0.8817
800-1 000 m 30215 1796 0.5825
1 000-1 200 m 30201 1428 0.4539
1 200-1 400 m 29 455 941 0.257 6
1 400-1 600 m 28 366 555 0.1109
1 600 m 1 603 503 714 0.1713
Distance from faults 0-500 m 197 211 2 465 0.5552
500-1 000 m 191 298 4180 1
1 000-1 500 m 175 960 4062 1
1 500-2 000 m 159 198 2614 0.594 8
2 000-2 500 m 147 609 1438 0.2822
2 500-3 000 m 138 355 373 0
3 000-3 500 m 128 098 21 0
3 500-4 000 m 113 671 4 0
4 000 m 592 376 197 0
Distance from roads 0-500 m 109 227 10 591 1
500-1 000 m 83290 3397 0.256 4
1 000-1 500 m 79 297 405 0
1 500-2 000 m 79 732 462 0
2 000-2 500 m 75553 341 0
2 500-3 000 m 71192 145 0
3 000-3 500 m 69 144 13 0
3 500-4 000 m 67 928 0 0
4000 m 1208 413 0 0
NDVI -1-0 861 452 9188 1
0-0.2 448 630 5369 0.549 3
0.2-0.4 286 088 513 0
0.4-0.6 233 989 262 0
0.6-0.8 13 605 12 0
0.8-1 7 0 0
Lithology T 1 488 050 14730 1
Y5 2 624 136 0
vd5 104 359 0 0
vBS 119284 18 0
nys 72 344 122 0
do5 45 955 0 0
Yp 9967 348 0
T 237 0 0
Snow cover 1943 0 0
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Fig. 11 Landslide susceptibility map derived from the CF

model

Ft \-

- L = "1 Moderate
Landslide susceptibility index(LSI) EEE High
B Very high

Fig. 12 Landslide susceptibility map derived from the FL

model

In the present study, the LSIs of three different
models were classified into five susceptibility classes as
shown in Figs. 10-12 in order to simplify the results and
obtain a landslide susceptibility map. The verification of
the LSM was done by using ROC. The area under the
ROC curve (AUC) was utilized as a comparative means
to judge the performance of the models. The distribution
of landslide susceptibility zones for three models were
counted and the percentages in total area of five classes
were presented in Table 4. Figure 13 shows the per-
formances of the three models, in which the CF model
has the best accuracy.

Table 4 Distribution of landslide susceptibility zones in land-
slide for AHP, CF and FL models

Landslide susceptibility Percentage in total area / %

classes AHP CF FL
Very low 9.443 16.310 82.523
Low 27.499 34.180 6.274
Moderate 31.513 27.970 4.873
High 23.304 14.640 3.481
Very high 8.241 6.900 2.849
100
90
=
5y ™
é § 60
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2% 4 ,
EZ 30 7 —— AUC (AHP model)=0.923
EE 2 L ’ —— AUC (CF model)=0.970
“7 o e AUC (FL model)=0.870
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Fig. 13 Comparison of ROC curve of landslide susceptibility

maps
5 Conclusion

Landslide susceptibility maps can provide the
causes and controlling factors on landslide occurrence,
which make it useful and effective in hazard manage-
ment land planning. In this study, the susceptibility of
landslides was mapped by AHP, CF and FL models. The
performances of the models were analyzed by ArcGIS
platform. Eight conditioning factors such as altitude,
slope degree, aspect, lithology, distance from faults, dis-
tance from rivers, and NDVI were considered. For vali-
dation of landslide susceptibility maps, the ROC curves
was used. In this study, a total of 75 landslides were
mapped, five landslide susceptibility classes, which are
very low, low, moderate, high, and very high susceptibil-
ity for landslide occurrence respectively, were classified
with natural break method. The AUC plots show that the
susceptibility map generated by the CF model has the
highest prediction accuracy (97.0%), followed by the AHP
model (92.3%) and FL model (87.0%). This indicates that
the three models used in this study show good accuracy,
and the CF model is the best one among the three models
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in this work.

As a conclusion, these susceptibility maps can be
used as a basic tool in land management and planning in
landslide area. The maps help avoiding landslide suscep-
tible regions in the study area, and similar methods can
also be used where geological and topographic charac-
teristics are the same.
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