
1. Introduction

Landslides are common phenomena in mountainous

regions that is defined as mass movement of rock, earth

and debris, from the top to bottom of slope (Gruden,

1991). South Korea has a mountainous area, making

up approximately 70% of the Korean peninsula. These

areas consist of granite or gneiss lithology that is
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vulnerable to landslides. Especially, landslide risk
increases during the summer because of heavy
precipitation and typhoons. Since landslides cause 
loss of life and property, people have paid more
attention to mitigate and manage such hazard.

One of the main approaches for mitigating the
impacts of landslides is creating the landslide
susceptibility map (LSM). The LSM can provide
spatial distribution of potential slope failures, thus 
has a significant role to support and enhance spatial
planning decisions focused on reducing landslides
hazards (Goetz et al., 2015; Nohani et al., 2019). In
recent decades, a number of different techniques 
with feasible and effective to use remote sensing (RS)
and geographic information system (GIS) have 
been applied to produce LSM, including heuristic,
deterministic and statistical methods.

The statistical methods are the most widely used to
landslide susceptibility assessments, including certainty
factor (CF), frequency ratio (FR), index of entropy
(IoE), logistic regression (LR), statistical index (SI),
and weight of evidence (WoE) (Akgun et al., 2008; 
Bui et al., 2011; Devkota et al., 2013; Jaafari et al.,
2014; Kanungo et al., 2011; Mohammady et al., 2012;
Pourghasemi et al., 2013; Zhang et al., 2016).

More recently, machine learning methods, which is
the main source of techniques for the data-driven
modeling problem (Jebur et al., 2013), have been
popularly applied (Bui et al., 2016; Goetz et al., 2015;
Pham et al., 2016a; Pradhan et al., 2013). Some
researchers have developed ensemble model combining
statistical and machine learning methods to obtain more
accurate results and overcome drawbacks of individual
methods (Abedini et al., 2019; Arabameri et al., 2019).

Since each method has different advantages and
disadvantages, the prior step is to have a comprehensive
understanding on the application of statistical methods.
It can be helped to understand about application 
and combination with each method. In the literature,
FR, SI, WoE, and CF can be seen most frequently 

on a landslide susceptibility assessment. Despite the
popularity of these approaches, there has been little
research comparing these approaches. Therefore, the
main objectives of this study was to analyze and
compare landslide susceptibility using different statistical
methods, namely, the FR, SI, WoE, CF, and IoE
models. In addition, the results of each model were
compared using the relative operating characteristic
(ROC) curve and statistical indexes to evaluate a more
robust model.

2. Study area

The study area was Woomyeon Mountain, located
in the Seocho district of Seoul City, South Korea. 
This area lies between longitudes 126°59′02″E and
127°01′41″E, and latitudes 37°27′00″N and 37°28′
55″N (Fig. 1). The elevation is 293 m above sea level
and the slope is approximately 30-35°. The bedrock is
pre-Cambrian banded biotite gneiss, which is believed
to be highly susceptible to landslides because of severe
weathering and abundant faults (KGS, 2011). This area
experienced a debris flow landslide due to heavy
precipitation concentrated from 26-29 July, 2011. The
maximum precipitation, which occurred for two hours
one morning, was 164 mm. This exceeded the 156 mm
100-year return period. This resulted in serious
damages to human life and property, with 68 casualties,
30 buried home, and 116 inundated homes (KGS, 2011;
Park et al., 2019).

3. Data and methodology

1) Landslide inventory
Landslide locations were identified using 32 aerial

photographs of the study area taken after the occurrence
of the landslides. These aerial photographs were taken
by a digital mapping camera with a spatial resolution
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of 10 cm (Fig. 1(a)). A total of 164 landslide occurrence
locations and landslide inventory map was prepared
using these locations. The landslide inventory map was
partitioned into 70% and 30% to be used for calibration
and validation respectively (Fig. 1(b)). Additionally,
non-landslide pixels were selected randomly from the
non-landslide area.

2) Landslide conditioning factors
Landslide conditioning factors were produced in

raster format with a cell size of 10 × 10 m, considering
the scale of the input data. ArcGIS 10.2 and ERDAS
Imagine 2011 were used (Fig. 2). The digital elevation
model (DEM) was produced from airborne LiDAR
data acquired using an ALTM Germini System
(Optech, Inc.) owned by Saehan Geotech Co., Ltd. The

topography factors including elevation, slope, aspect,
profile curvature, and plan curvature were derived
automatically from the DEM in ArcGIS.

The hydrology factors were distance to drainage,
topographic wetness index (TWI), stream power index
(SPI), and sediment transport index (STI). The distance
to drainage was calculated using the distance function
in ArcGIS. TWI, SPI, and STI were calculated with
their base in specific catchment areas (As) and slope
maps as in the following (Beven and Kirby, 1979;
Moore and Burch, 1986; Moore et al., 1991) :

                                                As                             TWI = ln(——)                              (1)
                                              tanβ

                             SPI = As × tanβ                               (2)

                                  As             sinβ                   STI = (—–—)0.6 (———)1.3                    (3)
                               22.13        0.0896
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Fig. 1.  Location map related to study area and landslide: (a) Orth-photo mosaic and landslide detection and (b) Landslide
inventory map with hill shaded map of the study area.

Fig. 2.  Landslide conditioning factors used to analyze landslide susceptibility: (a) Elevation, (b) Slope, (c) Aspect, (d) Profile
curvature, (e) Plan curvature, (f) Distance to drainage, (g) Topographic wetness index, (h) Stream power index, (i)
Sediment transport index, (j) Soil material, (k) Soil texture, (l) Soil topography, (m) Tree type, (n) Tree diameter, (o)
Tree age, and (p) Crown density.
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where As represents the specific catchment area (m2 /
m), and β represents the local slope gradient, where
degrees is the measurement.

The pedology factors included soil material, soil
texture, and soil topography. These values were obtained
from a 1:5000-scale soil map produced by the Korea
National Academy of Agricultural Science. The forestry
factors were originated by the use of a 1:25,000-scale
forest map from the Korea Forest Service.

3) Landslide susceptibility assessment
(1) Statistical Index Method
The SI method is considered as one of more simple

and most quantitatively suitable methods in landslide
susceptibility mapping and therefore it has been
adopted by numerous other researchers (Chen et al.,
2016). For this method, the natural logarithm of landslide
density in the parameter class is divided by the landslide
density in the study area defines the parameter class’s
weight value. This method is based upon the following
equation (van Western et al., 1997):

                    Wij = ln( ) = ln[( / )]                      (4)

Where Aij is the landslide density within the i-th

parameter class j, A is the landslide density total, Bij is
the amount of landslides in the i-th parameter class j,
Cij is the amount of pixels in the i-th parameter class j,
B is the total amount of landslides, and C is the total
number of pixels.

(2) Weights of Evidence model
WoE is a data-driven method, which fundamentally

is the Bayesian approach in a log-linear form using
posterior (conditional) probability and prior (uncondi -
tional) probability (Bonham-Carter, 1994; Spiegelhalter,
1986). To perform WoE, positive weight (W+) and
negative weight (W–) need to be calculated as the
essential parameters. These weights are defined as
follows:

                            Wi
+ = ln                              (5)

                            Wi
– = ln                              (6)

where P is the probability, B and B– are the presence 
and absence of landslide-related factors, respectively.
A and A– are the presence and absence of a landslide
(Bonham-Carter, 1994).

Weights contrast, C(C=W+ – W–), is the name given

Aij
A

Bij
Cij

B
C

P{B |A}
P{B |A–}

P{B–|A}
P{B–|A–}
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to the difference between W+ and W+ weights. When
there is no difference (C = 0), there is no significance
for the analysis in that conditioning factor class. If the
value of C is positive, then so is spatial correlation, and
the same applies in reverse to a negative C value
(Corsini et al., 2009).

(3) Certainty Factors model
A possible approach to dealing with the question:

how to combine different data layers, and also to the
input data’s heterogeneity and uncertainty, is the CF
model (Devkota et al., 2013). This model is defined as
a function of probability as follows:

                            ppc – ppp                         —————        if,  ppc ≥ ppp                          ppc(1 – ppp)            CF = {                                                             (7)                            ppc – ppp                         —————        if,  ppc < ppp                          ppc(1 – ppp)

Where, ppc is the conditional probability of landslide
events in the i-th parameter class j and ppp is the prior
probability of the total amount of landslide event.

Each class has a value assigned of the CF that 
ranges between -1 and +1. If the value is positive, a
landslide is more certain; if negative, a landslide is 
less so. Where the value is at or close to zero, there is
little or no difference between prior likelihood and
conditional likelihood. Thus, it is hard to provide any
information regarding the certainty of the occurrence
of landslides (Pourghasemi et al., 2012).

(4) Index of Entropy
Entropy, when applied to landslides, describes the

degree of influence on a landslide’s development of a
variety of factors. The equations used in the calculation
of the information coefficient (W_j) representing the
weight value for each landslide conditioning factor
(Bednarik et al., 2010; Constantin et al., 2011) are
given in the following:

      Pij =                                                                    (8)

      
(Pij) =                                                        (9)

      Hj = – ∑Sj
i=1(Pij)log2(Pij),  j=1, 2, …, n                (10)

      Hjmax = log2Sj                                                        (11)

      Ij = ,  I = (0,1),  J = 1, 2, …, n           (12)

      Wj = Ij Pij                                                              (13)

where a and b are, respectively, the domain and
landslide percentages, (Pij) is the probability density. Hj

and Hjmax are entropy values and Sj is the number of
classes. Ij is the information coefficient and Wj is the
resulting weight value for the factor as a whole.

4. Results and Discussion

1) Landslide susceptibility assessment
and mapping
The results of the spatial relationship between a

landslide and the landslide conditioning factors using
CF, FR, IoE, SI, and WoE models are displayed 
in Table 1. The landslide susceptibility index was
calculated about five different models over the 
study area and the LSMs were generated. Using the
geometrical internals method the LSMs were
reclassified into five susceptibility classes (Fig. 3).
Overall, the very high susceptibility class covered
about 20% of the total area. The CF model had the
highest value (22.94%) and the IoE model had the
lowest value (15.70%). The values for the FR, SI, and
WoE models were 22.04%, 21.49%, and 19.62%,
respectively.

LSMs produced from five different models were
validated based on the Landslide Density (LD) of each
susceptibility class on the maps. LD is the ratio of the
percentage of landslide pixels and also the percentage
of all pixels of each susceptibility class shown on the
map (Pham et al., 2016b). LD was calculated by
overlaying the five LSMs and the landslide inventory
map. Generally, the value of LD increased gradually
from very low susceptibility to very high susceptibility

b
a

Pij

∑Sj
j=1Pij

Hjmax – Hj

Hjmax
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Table 1.  Spatial relationship between each factor and landslide by the certainty frequency ratio, statistical index, Weight of
evidence, certainty factor, and index of entropy models

Factor Class (a) a (b) b FR SI WoE CF Index of
entropyW+ W– C

Elevation
(m)

17.7 – 39.3 4722 0 0.000 0.000 0.000 0.111 0.000 -1.000

0.162

39.3 – 59.9 5179 0 0.000 0.000 0.000 0.123 0.000 -1.000
59.9 – 76.1 5166 4 0.304 -1.172 -1.190 0.087 -1.277 -0.754
76.1 – 95.5 5057 19 1.476 0.407 0.390 -0.063 0.452 0.433
95.5 – 117.1 4996 13 1.022 0.040 0.022 -0.003 0.025 0.029
117.1 – 144.1 5014 16 1.254 0.244 0.226 -0.033 0.259 0.272
144.1 – 174.4 4951 15 1.190 0.192 0.174 -0.024 0.198 0.215
174.4 – 212.2 4901 19 1.523 0.439 0.421 -0.066 0.487 0.461
212.2 – 293.2 4807 28 2.289 0.846 0.828 -0.168 0.996

Slope
(degree)

0.0 – 3.4 4828 0 0.000 0.000 0.000 0.114 0.000 -1.000

0.201

3.4 – 8.4 5130 0 0.000 0.000 0.000 0.122 0.000 -1.000
8.4 – 13.6 5133 4 0.306 -1.166 -1.184 0.086 -1.270 -0.752
13.6 – 17.2 4820 11 0.897 -0.091 -0.109 0.012 -0.121 -0.134
17.2 – 20.4 5235 15 1.126 0.136 0.119 -0.017 0.135 0.150
20.4 – 23.3 5038 9 0.702 -0.336 -0.354 0.037 -0.391 -0.363
23.3 – 26.5 4999 26 2.044 0.733 0.715 -0.141 0.855 0.685
26.5 – 30.4 4803 35 2.863 1.070 1.052 -0.253 1.305 0.873
30.4 – 53.5 4807 14 1.144 0.153 0.135 -0.018 0.152 0.169

Aspect

Flat 138 0 0.000 0.000 0.000 0.003 0.000 -1.000

0.055

North 5997 13 0.852 -0.143 -0.160 0.023 -0.183 -0.189
Northeast 5940 11 0.728 -0.300 -0.318 0.041 -0.359 -0.334

East 6469 15 0.911 -0.075 -0.093 0.015 -0.108 -0.116
Southeast 6958 20 1.129 0.140 0.122 -0.024 0.146 0.154
Southeast 6063 20 1.296 0.277 0.259 -0.047 0.307 0.306
Southwest 3962 12 1.190 0.192 0.174 -0.019 0.193 0.214

West 3527 7 0.780 -0.231 -0.249 0.019 -0.267 -0.275
Northwest 5739 16 1.095 0.109 0.091 -0.014 0.105 0.117

Profile
curvature

Concave 22971 71 1.214 0.212 0.194 -0.256 0.450 0.237
0.260Flat 203 0 0.000 0.000 0.000 0.005 0.000 -1.000

Convex 21619 43 0.782 -0.229 -0.247 0.186 -0.432 -0.273

Plan 
curvature

Concave 21888 78 1.400 0.354 0.337 -0.482 0.819 0.383
0.295Plat 335 0 0.000 0.000 0.000 0.008 0.000 -1.000

Convex 22570 36 0.627 -0.449 -0.467 0.321 -0.789 -0.444

Distance
to drainage

(m)

0.0 3279 9 1.078 0.093 0.076 -0.006 0.082 0.098

0.031

0.0 – 19.8 8846 22 0.977 -0.005 -0.023 0.006 -0.029 -0.030
19.8 – 28.1 5568 12 0.847 -0.148 -0.166 0.022 -0.188 -0.195
28.1 – 35.7 4855 8 0.647 -0.417 -0.435 0.042 -0.477 -0.422
35.7 – 44.7 5024 7 0.547 -0.585 -0.602 0.056 -0.658 -0.526
44.7 – 56.2 4543 12 1.038 0.055 0.037 -0.004 0.041 0.049
56.2 – 69.6 4257 21 1.938 0.680 0.662 -0.104 0.766 0.649
69.6 – 84.9 4221 14 1.303 0.283 0.265 -0.032 0.297 0.312
84.9 – 162.8 4200 9 0.842 -0.154 -0.172 0.016 -0.188 -0.201

Topographic
wetness
index

-7.0 – -6.0 4289 8 0.733 -0.293 -0.311 0.028 -0.339 -0.328

0.100

-6.0 – -4.9 5557 8 0.566 -0.552 -0.570 0.060 -0.629 -0.507
-4.9 – 0.4 4788 0 0.000 0.000 0.000 0.113 0.000 -1.000
0.4 – 1.1 4819 9 0.734 -0.292 -0.309 0.032 -0.341 -0.327
1.1 – 1.8 5184 13 0.985 0.003 -0.015 0.002 -0.017 -0.020
1.8 – 2.6 5427 27 1.955 0.688 0.670 -0.141 0.811 0.655

a Number of pixels in domain
b Number of landslide
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Table 1.  Continued

Factor Class (a) a (b) b FR SI
WoE

CF Index of
entropyW+ W– C

Topographic
wetness
index

2.6 – 3.5 5031 24 1.874 0.646 0.628 -0.117 0.746 0.626
3.5 – 5.2 4953 17 1.349 0.317 0.299 -0.044 0.343 0.347
5.2 – 15.2 4745 8 0.662 -0.394 -0.412 0.039 -0.451 -0.406

Stream
power
index

-13.8 – -8.7 4721 0 0.000 0.000 0.000 0.111 0.000 -1.000

0.188
-8.7 – -7.9 4835 8 0.650 -0.413 -0.431 0.041 -0.472 -0.419
-7.9 – -2.3 5584 8 0.563 -0.557 -0.575 0.060 -0.635 -0.510
-2.3 – -0.8 4488 4 0.350 -1.031 -1.049 0.070 -1.119 -0.713
-0.8 – -0.3 5378 6 0.438 -0.807 -0.825 0.074 -0.899 -0.632

Stream
power
index

-0.3 – 0.3 4927 7 0.558 -0.565 -0.583 0.053 -0.636 -0.515
0.3 – 1.0 5273 21 1.565 0.466 0.448 -0.078 0.526 0.484
1.0 – 2.1 4964 42 3.324 1.219 1.201 -0.342 1.543 0.938
2.1 – 7.2 4623 18 1.530 0.443 0.425 -0.063 0.488 0.465

Sediment
transport

index

0.0 14130 16 0.445 -0.792 -0.810 0.228 -1.038 -0.626

0.258

0.0 – 3.3 4464 0 0.000 0.000 0.000 0.105 0.000 -1.000
3.3 – 6.7 3403 2 0.231 -1.448 -1.466 0.061 -1.527 -0.817
6.7 – 9.3 3977 5 0.494 -0.687 -0.705 0.048 -0.753 -0.579
9.3 – 12.0 4315 9 0.820 -0.181 -0.199 0.019 -0.218 -0.228
12.0 – 15.3 4330 12 1.089 0.103 0.085 -0.010 0.095 0.110
15.3 – 19.3 3532 13 1.446 0.387 0.369 -0.039 0.408 0.414
19.3 – 27.3 3524 35 3.902 1.379 1.362 -0.285 1.646 0.998
27.3 – 169.8 3118 22 2.772 1.038 1.020 -0.142 1.162 0.858

Soil
material

Acidic rock 12370 15 0.476 -0.724 -0.741 0.182 -0.923 -0.596

0.252
Gneiss, schist 30627 99 1.270 0.257 0.239 -0.877 1.116 0.285

Fluvial 781 0 0.000 0.000 0.000 0.018 0.000 -1.000
Granite 1015 0 0.000 0.000 0.000 0.023 0.000 -1.000

Soil 
texture

Sandy loam 38161 101 1.040 0.057 0.039 -0.261 0.300 0.052
0.015

Clay loam 6632 13 0.770 -0.243 -0.261 0.039 -0.300 -0.286

Soil
topography

Valley 5503 2 0.143 -1.928 -1.946 0.113 -2.060 -0.890

0.197

Hills 2839 0 0.000 0.000 0.000 0.065 0.000 -1.000
Mountain-foot slope 7212 13 0.708 -0.327 -0.345 0.054 -0.399 -0.356

Mountain 28446 99 1.367 0.331 0.313 -1.020 1.333 0.360
Alluvial fan 12 0 0.000 0.000 0.000 0.000 0.000 -1.000

Alluvial plain 781 0 0.000 0.000 0.000 0.018 0.000 -1.000

Tree type

No data 11619 0 0.000 0.000 0.000 0.300 0.000 -1.000

0.361

Hardwood forest 28065 89 1.246 0.238 0.220 -0.532 0.752 0.265
Farmland 215 0 0.000 0.000 0.000 0.005 0.000 -1.000

Mixed forest of
soft and hardwood 217 0 0.000 0.000 0.000 0.005 0.000 -1.000

Artificial forest 
of hardwood 1627 9 2.174 0.794 0.776 -0.045 0.822 0.724

Pinus koraiensis
forest 1951 8 1.611 0.495 0.477 -0.028 0.505 0.509

Poplar forest 995 8 3.159 1.168 1.150 -0.050 1.201 0.917
Pinus rigida forest 11 0 0.000 0.000 0.000 0.000 0.000 -1.000
Non-forest land 93 0 0.000 0.000 0.000 0.002 0.000 -1.000

a Number of pixels in domain
b Number of landslide
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Fig. 3.  Landslide susceptibility map produced by (a) frequency ratio, (b) statistical index, (c) weight of evidence, (d) certainty
factor, and (e) index of entropy models.

Table 1.  Continued

Factor Class (a) a (b) b FR SI
WoE

CF Index of
entropyW+ W– C

Tree
diameter

(cm)

No data 11927 0 0.000 0.000 0.000 0.310 0.000 -1.000
0.3316 – 16 7167 24 1.316 0.292 0.274 -0.062 0.336 0.322

18 – 28 25699 90 1.376 0.337 0.319 -0.705 1.025 0.367

Tree
age

(years)

No data 11927 0 0.000 0.000 0.000 0.310 0.000 -1.000

0.303
11 – 20 1142 7 2.408 0.897 0.879 -0.038 0.917 0.784
21 – 30 7020 25 1.399 0.354 0.336 -0.077 0.413 0.383
31 – 40 24704 82 1.304 0.283 0.266 -0.469 0.734 0.313

Crown
density

No data 11927 0 0.000 0.000 0.000 0.310 0.000 -1.000
0.296Medium 2114 4 0.743 -0.279 -0.296 0.013 -0.309 -0.316

High 30752 110 1.405 0.358 0.340 -2.190 2.530 0.387
a Number of pixels in domain
b Number of landslide
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for the study area (Table 2). Based on the value of LD
at the very high class, the IoE model had the highest
value (2.292), followed by FR (2.324), CF (2.286), SI
(2.100), and WoE (1.927). In addition, the high class
also had the highest value for the results of some
models. Overall, it can be shown that the models used
in this study are suitable for LSM.

2) Evaluation of Landslide Susceptibility Maps
The statistical indexes and the ROC curve was used

in the evaluation and comparison of the performance
of the five LSMs. The LSMs were reclassified as
landslide (1) and non-landslide (0) to calculate the SIs.
Based on the results of the LD analysis, the high and
very high susceptibility classes were assigned as
landslide and the very low susceptibility class was
assigned as non-landslide. The SIs were calculated

using IBM® SPSS® Statistics Version 21 (SPSS Inc.,
Chicago, IL, USA).

(1) Assessing predictive performance
The ROC curve is plotted by false positive rate

(sensitivity) on the x-axis and 100 – false negative rate
(100 – specificity) on the y-axis. The ROC curve can
be classified into success rate curve and prediction date
curve, depending on the used dataset. The success rate
curve calculated using the training dataset represents
how well the LSMs fit over the data. The prediction
rate curve calculation made using the validation dataset
is representative of how well the model and landslide
conditioning factors predict the landslide (Bui et al.,
2011). The area under the ROC curve (AUC) can have
a value ranging from 0.5 to 1.0. When the AUC value
is closer to 1, the model is more accurate.

Korean Journal of Remote Sensing, Vol.36, No.1, 2020

– 76 –

Table 2.  Landslide density on landslide susceptibility maps produced from different models

Frequency ratio Statistical index Weight of evidence Certainty factor Index of entropy
Very low 0.025 0.300 0.359 0.300 0.025

Low 0.699 0.545 0.428 1.327 0.328
Moderate 1.107 0.637 0.475 0.903 0.991

High 0.864 1.084 1.254 0.801 1.155
Very high 2.324 2.100 1.927 2.286 2.292

Fig. 4.  Analysis of the ROC curve on five landslide susceptibility maps: (a) Success rate curve using the training dataset
and (b) Prediction rate curve using the validation dataset.
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The analysis of the success rate curve is shown in
Fig. 4. Overall, the AUC values of the five LSMs were
more than 0.7. In addition, there were no significant
differences among the five LSMs. These results show
that the LSMs produced in this study display a
reasonable level of good accuracy in the spatial
prediction of landslide susceptibility. The FR and IoE
models were found to have the highest predictive
performance when compared with the other LSMs.

(2) Statistical Index-based evaluations
SIs were calculated from a confusion matrix produced

by observed data and LSMs reclassified with two
classes. In this study, the sensitivity, specificity, and
accuracy were used to validate the performance of the
LSMs. What percentage of landslide and non-landslide
pixels are classified correctly into those two categories
enables calculation of sensitivity and specificity, while
the overall percentage classified correctly (in both
categories together) is the accuracy of the LSMs (Pham
et al., 2016a).

The performance analysis of the five LSMs using
calibration and validation datasets has been performed
(Table 3). In the case of using a calibration dataset, the
FR and IoE models had the highest sensitivity value
(0.930). The specificity value was the highest for the
CF model (0.540). In the case of the accuracy value on
each LSM, the SI and IoE models had the highest value
(0.710), followed by CF (0.700), FR (0.680), and WoE
(0.660) models.

In the case of using the validation data, the sensitivity
values of FR and IoE models were the highest (0.940),

which was the same when using the calibration dataset.
The specificity value of the CF model was the highest
(0.534). Overall, the accuracy values of IoE and SI
models were the highest (0.710), followed by CF
(0.700), FR (0.680), and WoE (0.660). Based on these
results, it can be concluded that the IoE and SI models
outperform the other models for spatial prediction of
landslide susceptibility.

(3) Significance test of differences
McNemar’s test (a nonparametric test) was used 

to analyze the statistical significance of differences 
in modeling performances of the LSMs that were
generated. McNemar’s Chi-squared statistic can be
calculated as in the following (Japkowicz and Shag,
2011; Kavzoglu et al., 2015):

                         χ2 =                         (14)

where nij represents the number of pixels that are
misclassified by method i, but classified correctly by
method j, and nji represents the number of pixels that
are misclassified by method j, but classified correctly
by method i.

McNemar’s test was applied to five LSMs and the
calculated symmetric matrix is presented in Table 4.
When the calculated significance probability is greater
than 0.05 with a 95% confidence level, the null
hypothesis can be rejected. Because there is a difference
in performance between models i and j, there is a
statistical significance to the difference in accuracy
(Kavzoglu et al., 2015). The FR model showed a
statistically similar performance to the SI and CF

( | nij – nji | – 1)2

nij + nji
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Table 3.  Model performance of each landslide susceptibility map using the training and validation dataset

Training dataset Validation dataset
Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy

Frequency ratio 0.930 0.243 0.654 0.940 0.276 0.680
Statistical index 0.886 0.396 0.711 0.840 0.460 0.710

Weight of evidence 0.860 0.329 0.661 0.860 0.329 0.660
Certainty factor 0.851 0.540 0.750 0.780 0.534 0.700
Index of entropy 0.930 0.264 0.667 0.940 0.329 0.710
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models. The CF model showed a statistically similar
performance to the WoE model. In addition, the IoE
model showed a statistically similar performance to the
SI and CF models. These results show that there is not
any significant difference among the aforementioned
models.

5. Conclusions

The study aimed to compare and analyze landslide
susceptibility using different models at Woomyeon
Mountain. The study was comprised of three steps:
collection and preparation of landslide-related spatial
data; landslide susceptibility assessment; and results
validation. Firstly, the landslide inventory map was
built using aerial photographs. Additionally, the 16
landslide conditioning factors were constructed from
government organizational collected spatial data, such
as elevation, aspect, slope, profile curvature, plan
curvature, distance to drainage, TWI, SPI, STI, soil
texture, soil material, soil topography, tree type, tree
age, tree diameter, and crown density. Secondly,
landslide susceptibility indexes were calculated using
the FR, SI, WoE, CF, and IoE models to analyze the
spatial relationship between landslides and landslide
condition factors. Thirdly, based on the results of 
the landslide susceptibility index, the LSMs were

produced. These LSMs were evaluated and compared
using the ROC curve and the statistical indexes.

The results showed that, overall, the AUC values of
the LSMs used in this study were about 80%, with
reasonable accuracy. The FR and IoE models had
higher AUC values for the success rate and prediction
rate curves compared with the other models. It can be
shown that these models have the highest predictive
performance. In the case of the prediction rate curve,
the AUC value (0.805) of the FR model was higher
than the IoE (0.798). There did not appear to be much
difference between the models, so the results were
observed to be similar.

The sensitivity values of the FR and IoE models
were 0.940, which showed high accuracy for classifying
landslide areas. Nevertheless, the specific value of the
IoE model (0.329) was higher than that of the FR model
(0.276). From these results, it can be demonstrated that
the IoE model outperforms the FR model in the
classification of non-landslide pixels. As a result, the
accuracy value of the IoE model (0.710) was higher
than that of the FR model (0.680). It can be shown that
the IoE model outperformed the FR model to predict
the landslide spatially in the study area. In addition,
based on the result of McNemar’s test, McNemar’s
Chi-squared statistic between the FR and IoE models
was 0.375. This demonstrated that there is a significant
difference between the FR and IoE models.
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Table 4.  McNemar’s statistic test results for the frequency ratio, statistical index, weight of evidence, certainty factor, and
index of entropy

FR a SI b WoEc CF d IoEe

FR – 0.000 0.146 0.000 0.375
SI – 0.092 0.063 0.002

WoE – 0.004 0.549
CF – 0.000
IoE –

a The landslide susceptibility map produced by frequency ratio
b The landslide susceptibility map produced by statistical index
c The landslide susceptibility map produced by weight of evidence
d The landslide susceptibility map produced by certainty factor
e The landslide susceptibility map produced by index of entropy
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The LSMs produced in this study may prove useful
for decision makers, planners, and engineers in disaster
planning to minimize economic losses and casualties.
In a future study, the LSM could be developed by
combining with machine learning methods. Such a
study can be improved the results of a landslide
susceptibility assessment and helped to produce more
accurate LSMs.

Acknowledgements

This work was supported by the National Research
Foundation of Korea(NRF) grant funded by the Korea
government (MSIT, MOE) (No. NRF-2019M3E7A
1113103) and the Korea government (MSIP) (No.
NRF-2017R1A2B2009033).

References

Abedini, M., B. Ghasemian, A. Shirzadi, H. Shahabi,
K. Chapi, B.T. Pham, and D. Tien Bui, 2019. A
novel hybrid approach of bayesian logistic
regression and its ensembles for landslide
susceptibility assessment, Geocarto International,
34(13): 1427-1457.

Akgun, A., S. Dag, and F. Bulut, 2008. Landslide
susceptibility mapping for a landslide-prone
area (Findikli, NE of Turkey) by likelihood-
frequency ratio and weighted linear combination
models, Environmental Geology, 54(6): 1127-
1143.

Arabameri, A., B. Pradhan, K. Rezaei, and C.W. Lee,
2019. Assessment of landslide susceptibility
using statistical-and artificial intelligence-based
FR–RF integrated model and multiresolution
DEMs, Remote Sensing, 11(9): 999.

Bednarik, M., B. Magulová, M. Matys, and M.
Marschalko, 2010. Landslide susceptibility

assessment of the Kral’ovany-LiptovskỳMikuláš
railway case study, Physics and Chemistry of
the Earth, Parts A/B/C, 35(3): 162-171.

Beven, K.J. and M.J. Kirkby, 1979. A physically based,
variable contributing area model of basin
hydrology/Un modèle à base physique de zone
d’appel variable de l’hydrologie du bassin
versant, Hydrological Sciences Journal, 24(1):
43-69.

Bonham-Carter, G. F., 1994. Geographic Information
Systems for geoscientists-modeling with GIS,
Computer Methods in the Geoscientists, 13:
398.

Bui, D.T., O. Lofman, I. Revhaug, and O. Dick, 2011.
Landslide susceptibility analysis in the Hoa
Binh province of Vietnam using statistical
index and logistic regression, Natural Hazards,
59(3): 1413-1444.

Bui, D.T., T.A. Tuan, H. Klempe, B. Pradhan, and 
I. Revhaug, 2016. Spatial prediction models 
for shallow landslide hazards: a comparative
assessment of the efficacy of support vector
machines, artificial neural networks, kernel
logistic regression, and logistic model tree,
Landslides, 13(2): 361-378.

Chen, W., H. Chai, X. Sun, Q. Wang, X. Ding, and H.
Hong, 2016. A GIS-based comparative study
of frequency ratio, statistical index and weights-
of-evidence models in landslide susceptibility
mapping, Arabian Journal of Geosciences,
9(3): 1-16.

Constantin, M., M. Bednarik, M.C. Jurchescu, and M.
Vlaicu, 2011. Landslide susceptibility assessment
using the bivariate statistical analysis and the
index of entropy in the Sibiciu Basin (Romania),
Environmental Earth Sciences, 63(2): 397-406.

Corsini, A., F. Cervi, and F. Ronchetti, 2009. Weight of
evidence and artificial neural networks for
potential groundwater spring mapping: an
application to the Mt. Modino area (Northern

A Comparative Assessment of the Efficacy of Frequency Ratio, Statistical Index, Weight of Evidence, Certainty Factor, and Index of Entropy in Landslide Susceptibility Mapping

– 79 –

06박소영(67~81)ok.qxp_원격36-1_2020  2020. 2. 28.  오전 9:54  페이지 79



Apennines, Italy), Geomorphology, 111(1): 
79-87.

Cruden, D.M., 1991. A simple definition of a landslide,
Bulletin of the International Association of
Engineering Geology, 43(1): 27-29.

Devkota, K.C., A.D. Regmi, H.R. Pourghasemi, 
K. Yoshida, B. Pradhan, I.C. Ryu, and O.F.
Althuwaynee, 2013. Landslide susceptibility
mapping using certainty factor, index of entropy
and logistic regression models in GIS and their
comparison at Mugling-Narayanghat road
section in Nepal Himalaya, Natural Hazards,
65(1): 135-165.

Goetz, J.N., A. Brenning, H. Petschko, and P. Leopold,
2015. Evaluating machine learning and statistical
prediction techniques for landslide susceptibility
modeling, Computers & Geosciences, 81: 1-11.

Jaafari, A., A. Najafi, H.R. Pourghasemi, J. Rezaeian,
and A. Sattarian, 2014. GIS-based frequency
ratio and index of entropy models for landslide
susceptibility assessment in the Caspian 
forest, northern Iran, International Journal of
Environmental Science and Technology, 11(4):
909-926.

Japkowicz, N. and M. Shah, 2011. Evaluating learning
algorithms: a classification perspective, Cambridge
University Press, Cambridge, UK.

Jebur, M.N., H.Z. Mohd Shafri, B. Pradhan, and M.S.
Tehrany, 2014. Per-pixel and object-oriented
classification methods for mapping urban 
land cover extraction using SPOT 5 imagery,
Geocarto International, 29(7): 792-806.

Kanungo, D.P., S. Sarkar, and S. Sharma, 2011.
Combining neural network with fuzzy, certainty
factor and likelihood ratio concepts for spatial
prediction of landslides, Natural Hazards,
59(3): 1491-1512.

Kavzoglu, T., E.K. Sahin, and I. Colkesen, 2015. 
An assessment of multivariate and bivariate
approaches in landslide susceptibility mapping:

a case study of Duzkoy district, Natural Hazards,
76(1): 471-496.

Korean Geotechnical Society (KGS), 2011. The study
on investigation of cause and development of
restoration policy about landslide in Wumyon
area, Korean Geotechnical Society, Seoul,
Korea (in Korean).

Mohammady, M., H.R. Pourghasemi, and B. Pradhan,
2012. Landslide susceptibility mapping at
Golestan Province, Iran: a comparison between
frequency ratio, Dempster-Shafer, and weights-
of-evidence models, Journal of Asian Earth
Sciences, 61: 221-236.

Moore, I.D. and G.J. Burch, 1986. Sediment transport
capacity of sheet and rill flow: application of
unit stream power theory, Water Resources
Research, 22(8): 1350-1360.

Moore, I.D., R.B. Grayson, and A.R. Ladson, 1991. Digital
terrain modelling: a review of hydrological,
geomorphological, and biological applications,
Hydrological Processes, 5(1): 3-30.

Nohani, E., M. Moharrami, S. Sharafi, K. Khosravi, 
B. Pradhan, B.T. Pham, and A.M. Melesse,
2019. Landslide susceptibility mapping using
different GIS-based bivariate models, Water,
11(7): 1402.

Park, S., S.Y. Hamm, and J. Kim, 2019. Performance
evaluation of the GIS-based data-mining
techniques decision tree, random forest, and
rotation forest for landslide susceptibility
modeling, Sustainability, 11(20): 5659.

Pham, B.T., D.T. Bui, M.B. Dholakia, I. Prakash, and
H.V. Pham, 2016a. A comparative study of least
square support vector machines and multiclass
alternating decision trees for spatial prediction
of rainfall-induced landslides in a tropical
cyclones area, Geotechnical and Geological
Engineering, 34(6): 1807-1824.

Pham, B.T., B. Pradhan, D.T. Bui, I. Prakash, and M.B.
Dholakia, 2016b. A comparative study of

Korean Journal of Remote Sensing, Vol.36, No.1, 2020

– 80 –

06박소영(67~81)ok.qxp_원격36-1_2020  2020. 2. 28.  오전 9:54  페이지 80



different machine learning methods for landslide
susceptibility assessment: a case study of
Uttarakhand area (India), Environmental
Modelling & Software, 84: 240-250.

Pourghasemi, H.R., M. Mohammady, and B. Pradhan,
2012. Landslide susceptibility mapping using
index of entropy and conditional probability
models in GIS: Safarood Basin, Iran, Catena,
97: 71-84.

Pourghasemi, H.R., H.R. Moradi, and S.F. Aghda,
2013. Landslide susceptibility mapping by
binary logistic regression, analytical hierarchy
process, and statistical index models and
assessment of their performances, Natural
Hazards, 69(1): 749-779.

Pradhan, B., 2013. A comparative study on the
predictive ability of the decision tree, support

vector machine and neuro-fuzzy models in
landslide susceptibility mapping using GIS,
Computers & Geosciences, 51: 350-365.

Spiegelhalter, D.J., 1986. A statistical view of uncertainty
in expert systems, In: Gale, W. (Ed.), Artificial
Intelligence and Statistics, Addison-Wesley,
Boston, MA, USA, pp. 17-55.

Van Westen, C.J., 1997. Statistical landslide hazard
analysis, ILWIS 2.1 for Windows application
guide, ITC Publication, Enschede, Nederland,
pp. 73-84.

Zhang, G., Y. Cai, Z. Zheng, J. Zhen, Y. Liu, and K.
Huang, 2016. Integration of the Statistical
Index Method and the Analytic Hierarchy
Process technique for the assessment of
landslide susceptibility in Huizhou, China,
Catena, 142: 233-244.

A Comparative Assessment of the Efficacy of Frequency Ratio, Statistical Index, Weight of Evidence, Certainty Factor, and Index of Entropy in Landslide Susceptibility Mapping

– 81 –

06박소영(67~81)ok.qxp_원격36-1_2020  2020. 2. 28.  오전 9:54  페이지 81


