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Landslide risk exists with the mountain regions and every year
creates a great life and financial losses. To prevent the disaster,
numbers of statistical methods have been proposed, but it is still
unclear which one is more accurate and yet very few studies
proposes a reliable method. Therefore, this study aims to
compare the commonly used bivariate statistical method and
multivariate statistical methods and their combination to
achieve higher accuracy for landslide susceptibility map.
Moreover, the classification used for landslide susceptibility
mapping is associated with errors, which affects the accuracy
of the analysis. In this study, new tool was designed to reduce
the classification. To implement this study, a landslide
susceptibility maps were created Kabul city. The result
proposes that the new designed tool is a good way not only to
reduce the classification error by defining the critical thresholds
for the classifications. Moreover, all of the statistical
methodologies is giving and acceptable result but the
combination bivariate and multivariate statistical methods
increase the accuracy of the analysis and they are
complimentary to each other.

1. Introduction

compare the existing methods (Yilmaz and Isik 2009), (Isik
and Yilmaz 2010), the proposed methodologies has its
merits and demerits, therefore, this study is to compare the

Landslide risk exists with the mountainous regions and
every year causes a great life and financial losses (Dhital
and M.R. 2017). Worldwide around 300 million people are
at the risk of slope failure, which about 66 million of those
people are living in the areas with the high risk (Dilley et
al. 2005), however, from 2003 to 2010 the phenomenon
had around 70000 fatalities and year by year the fatal
landslides are increasing (Petley and Dave 2011).

To prevent the disaster, numbers of statistical methods
have been proposed, but it is still not clear if you want one
specific and reliable method for the landslide susceptibility
mapping and yet very few studies have been done to

commonly used statistical methods “Frequency Ratio
(FR), Weight of Evidence (WOE), Logistic Regression
(LR)" (Lee, Saro , 2007) (Menard 1995)(Yilmaz and Isik
2009)., And their combination to achieve higher accuracy
for the landslide susceptibility mapping.

Only finding one specific reliable method is not
enough, the accuracy of an analysis not always depend on
the methodologies or the quality of the raw data used in
the study but it is the classification, which plays an
important role in displaying a susceptibility mapping.
Differentiating hazardous classes from the non-hazardous
class normally natural break or other classification method
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discussed in this paper are used which some unintentional
errors are associated while selecting the hazardous
classes, therefore, to overcome with the problem a new
tool was designed to reduce the classification error.

To implement this study, Kabul city, the world’s fastest
growing city and the capital of Afghanistan is chosen. The
city has the area of 275 km? and is the home for around
4.6 million people (GeoHive 2015). Due to unplanned
housing, improper drainage system, overloading, cutting,
saturating, and removing the vegetation, the risk of slope
failure has increased in the mountains (Dhital and M.R.
2017). As an example, the February 2015 rock fall blocked
Kabul-Jalalabad highway choked for the
traffic(KhaamaPress 2015). Furthermore, unplanned
housing in the hillside (Fig. 1) exposed the people to the
risk which even the movement of a boulder can be
catastrophic.

Fig. 1. The Kabul Residential areas (Wikipedia).

A landslide inventory map was created using the visual
interpretation technique and the landslide susceptibility
map using the “Frequency Ratio (FR), Weight of Evidence
(WOE), Logistic Regression (LR)" and the combination of
these methods considering the landslide factors such as
"elevation, slope angle, geology, etc." was created in the
GIS platform.

To validate the result number of control points from the
landslide and randomly from the non-landslide areas are
selected and a contagious table is built, and since the
matrix validation result depend on the threshold values
therefore a new tool was designed to specify the accuracy.
The result from the matrix validation proposes that
combination of the bivariate statistical methods
“Frequency Ratio, Weight of Evidence” and multivariate
statistical method “Logistic Regression” increase the
accuracy of the analysis and it is more reliable than the
methods alone. Moreover, because of 78.511%of the
success rate, the combined method of Frequency Ratio
(FR) and Logistic regression (LR) is reliable for the study
area.

Furthermore, to investigate the classification error the
combined method of Frequency Ratio (FR) and Logistic

regression (LR) is used. The result shows that the natural
break classification used to classify the landslide
susceptibility map not only does not display the highest
accuracy of the method but it has about 32.654% miss
alarm rate. In the other hand, normally in a regression
analysis 0.5 is the critical boundary to separate the
landslide from the non-landslide, the classification
represent the highest accuracy for the analysis but it has
around 16.097% of miss alarm rate which is problematic.
The designed tool to define the classification accuracy not
only the miss alarm rate was reduced to 10.968% but it
gives a numerical argument to classify the map in an
acceptable way for an area.

2. Relevant Data

Mainly, two types of data are used in this study. 1:
Categorical such as (lithology, faults, slope aspect, roads,
rivers, and landcover). 2: Scale such as (elevation, slope
angle, curvature, stream power index (SPI), topographic
wetness index (TWI), and precipitation).

The data layers such as slope aspect, elevation, slope
angle, curvature, stream power index (SPI), topographic
wetness index (TWI) layers were extracted from a digital
elevation model (DEM) and the landcover layer Landsat
imagery which both of the images are with 30m of
resolution, are taken from USGS Earth Explorer archive
(Earthexplorer, n.d.). The lithology (rocks), faults, roads,
and rivers layers were taken from the open file report
available in Afghan Geological Survey (Operations et al.
2014). Moreover, the precipitation layer was downloaded
and used from the Global Precipitation Climatology Centre
(“Precipitation Data,” n.d.).

To proceed the analysis, a landslide inventory map
was created using the visual interpretation of the high-
resolution GIS base map and validated with Google Earth
owing to its 3D view and high resolution. Considering the
landslide indicators such as differences in sediments
color, the roughness of the structure, and sharp contacts,
about 413 landslides were detected in the area during the
interpretation.

2.1 Categorical data:

It is accepted that the local geology and topography
can increase the possibility of slope failure because both
the mention characteristics of site has significant influence
on the earthquake ground motion in a particular place
(Sharma, 2017).

Rocks and Sediments in the study area show three
different class such as sedimentary rocks “conglomerate,
sandstone, limestone, gravel stone, sand, clay, loess, etc”



403

A.Q. Akbar et al. / Lowland Technology International 2018; 20 (3): 401-412

however, the sedimentary rocks are divided into two
subclasses, loose sedimentary rocks, and compressed
sedimentary rocks. Metamorphic rocks “marble, gneisses,
mica, schist, biotite, and quartzite”, and igneous rocks
“granite, gabbro, peridotite, phyllite, and diorite”.

Geological faults are considered as main triggering
factors in slope failure, and because of tectonic activity of
Indian plate, Arabian plate and Eurasian plate the area is
suffering from various numbers of normal faults, buried
and proven. The area around faults are classified into five
different classes (<500m, 500 — 1000m, 1000 — 1500m,
1500 — 2000m, and £2000m).

Indirectly, slope aspect indicates the slope instability
based on the influence of the related factors such as
exposure to the sunlight, exposure to the wind and soil
moisture which can cause a landslide (Zelano, Magliulo,
and Paolo 2008)(Dick et al. 2011). The aspect is divided
clockwise into nine classes (flat, north — east1, north —
east2, south-east1, south-east2, south-west1, south-
west2, north-west1, and north-west2).

Constructing a road normally carries extensive
excavation, overloading or removing vegetation which
most of the times unstablizes the slope and causes slope
failure (Highland and Bobrowsky 2008). The area around
the roads are divided into five different classes (<20m, 20
- 50m, 50 — 100m, 100 - 150m, 150 - 200m, and =2200m).

Landslide and flood have a close relationship because
both are related to the precipitation, surface runoff, and the
amount of water in the river. Basically, slope saturation
increases the possibility of the landslide (Highland and
Bobrowsky 2008). The area around the river is buffered
based on its distance from the river and divided into six
different classes (<50m, 50-100m, 100-150m, 150—
200m, 200-250m, and =250 m).

The land cover for the study area is created using the
Normalized Difference Vegetation Index (NDVI) band
combination in GIS platform and the image resolution. It
was classified into six classes (water, vegetation, bare
ground, urban area, wetlands, and the snow cover).

2.2 Scale data

Elevation and relief illustrate the potential energy for
the mass wasting (Ghimir. and M. 2001)(Oguchi Takashi
1997). The elevation is extracted from DEM and divided
into eight different classes (£1000m, 1000—1500m, 1500—
2000m, 2000-2500m, 2500-3000m, 3000—-3500m, 3500
— 4000, and 24000m).

The slope is a primary factor in the dynamics of
processes governing land evolution and landslide and it is
used as the main triggering factor of the landslide
(Bourenane et al. 2015)(Sharma et al. 2017). Based on the
physical property of sediments, different sediments react

differently to the slope angle but in general, as much as
the slope angle raises, the possibility of slope failure rises.
The slope is extracted from the DEM and divided into
seven different classes (<5°, 5°-10°, 10°-150, 150-2Q0,
20°-300, 30°—45° and 245°).

Curvature represents the morphology of an area.
Generally, it is classified into three classes: 1, convex; 2,
concave; 3, planar (straight). The concave is considered
as a potentially unstable, unlike the convex and planar
which is more stable for the sliding (Stocking and M.A
1972).

Stream Power Index (SPI) is the measure of erosive
power associated with flowing water and it can be
calculated using (Eq.1).

A is the flow accumulation, 8 is the slope angle, and b
is the width of a cell through which water flows. Higher SPI
value should correspond to a higher likelihood of erosion
on the landscape (Wilson et al. 2000). The SPI values are
divided into three classes (low, moderate, high).

The Topographic Wetness Index (TWI) is a steady-
state wetness index. In some areas, TWI predicts solum
depth (Gessler et al. 1995).

W =1 (4/1mp) [2]

A is flow accumulation and B represents the slope.
Higher TWI values represent drainage depressions
however lower values represent crests and ridges. The
values are classified into three different classes (low,
moderate, high)

Precipitation is considered as the primary triggering
factor for the landslides (Bourenane et al. 2015). The more
precipitation the more saturation, which leads a slope to
the failure. The values are divided into five different
classes (very low, low, moderate, high, and very high)

3. Methodologies
3.1 Frequency Ratio (FR) Approach

Frequency Ratio (FR) method is based on the
distribution of landslide in each factor’'s class (Lee et al.
2007). It is normally using the ratio of landslide area in a
class to the total landslide ratio in the area. To find the
relation between landslide occurrences in each factor for
each factor’'s class, a database was developed and FR
method was applied (Eq.3).
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(LPC) is the number of landslide cell in each class.
(TPC) is the total number of the cell in the class, (TLP) is
the total number of the landslide cell in all the area and
(TP) is the total number of the cell.

To Calculate the Fr weight for each Class of the
Factors a code was designed in the Matlab Environment
and the result is given as (Table 1) below.

Table 1. Result of the Fr weight calculation using the designed
MATLAB code.

250 < 4964219 81582 0.021379197
g Very Low 2053416 16884 0279365113
[0} -
% Low 1381316 20017 0.033257568
EZ_ Moderate 1180976 21512 0.066076202
S High 707240 22723 0.312535338
Very High 233614 5794 0.20011611
Low 2137072 23512 0 152{;91 064
o .
T Moderate 2074691 24054 ) 430127599
High 1344825 39364 0.272071966
Low 2467942 60330 0.193836893
g Moderate 2408702 22181 0.230163434
- High 679943 4419 0.381 5-09988
No Data 1 0 0
Metamorphi 4434876 30624  0.134883326
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- Sedimentar 2094525 5655 0763017158
= y Rocks )
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é rocks 591616 10421 0.051505267
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Sedimentar
y Rocks
= <500 419595 10919 0.220988343
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o § 1000 - 1500 391154 10112 0.218125067
s 3 1500 - 2000 370844 6543 0.052221445
3¢9 2000 < 3975190 46910 0 1224;56677
Water 22129 11 0 495608143
c Vegetation 684056 240 1 650249748
=] Bare
?)- Ground 4582208 84882 0.072371472
[e] -
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Ice Cover 24923 123 0 502(;64539
200< 4719431 83129 0.051837618
@] N
@ <20 98259 153
§ 1.001706206
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o 20-50 140347 300
3 5 0.8641_07176
z 50-100 217154 832 0.610669804
23 100-150 200262 1167 -0.42855299
Q
e 150-200 185438 1349 0 3322' 12082

Factor Classes Total PIX Langslld Fr Weight
<1000 18981 569 0.282431694
1000 - 1500 460398 9914  0.138754003
- i -
T 1500-2000 2436862 14158 4 43100511
§  2000-2500 1574604 27752  0.051761454
&  2500-3000 678557 17739 0222981316
S 3000-3500 272715 13300  0.493781132
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4000 < 21897 82 600932249
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8@ 5-10 949008 2527 oo
S ;
z 10- 15 668250 3532 . o
D
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30- 45 690192 40398  0.573028461
45< 65477 11791 1.061100384
Flat 56076 136 | 800809602
North - East -
1 750569 9479 ) 490989583
North - East -
2 766719 6658 ) 555653918
South - -
. East 1 790834 5442 () 356688278
2 South~ 678786 7783 -
8 East 2 0.134947329
- South -
o 606647 12800  0.129912432
South -
o 504919 16843  0.257600126
ko 666770 15719  0.17808738
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North - 645268 12070  0.077605659
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o Concave 887475 24330 0.243624498
c C -
3 S Convex 3780092 37303 0.200120093
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Once the Fr weight is calculated for each Factors
class, it would be taken into GIS Platform to display each
factors susceptibility to the landslide and each factors
class has its specific weight as (Table 1). Furthermore, to
create the landslide susceptibility map, the calculated Fr
weights are summed (Eq.4).

LSpg = ZFrl +Fry+ Frz3+ -+ Fr,

(4]
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LS is the Landslide Susceptibility Index, (Fr) is the Fr
Weight of each factor’s classes. LS is representing the
relative hazard of landslide occurrence.

The higher result values, the higher risk of slope failure
(Lee et al. 2007), therefore, the results were classified into
five different classes “Very Low, Low, Moderate, High,
Very High” which represents the level of unstable locations
in the maps. This information is applicable to all the
methods (Fig. 2).

30N
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| I -1.500 - 1.398 (high)
I 1369 - 8.17 (Very High) o 5 1 20
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Fig. 2. Result of the frequency ratio method for the landslide
susceptibility mapping of Kabul, Afghanistan.

3.2 Weight of Evidence (WOE) Approach

To evaluate the contribution of each factor towards
landslide hazard, the existing landslide distribution, data
layer was compared to various thematic data layers
separately. (Netra et al. 2009).

NPix,
Npix; + Npix,

NPix; [5]
Npixz + Npix,

Wt =lIn

NPix,
Npix; + Npix,

NPix, [6]
Npix; + Npix,

W =lIn

(Welght = VV,:+ - Wi_) [7]

where Npix1 is the number of pixels representing the
presence of both potential landslide predictive factor and
landslides, Npix2 is the number of pixels representing the
presence of landslides and absence of potential landslide
predictive factor, Npix3 is the number of pixels
representing the presence of potential landslide predictive
factor and absence of landslides, Npix4 is the number of
pixels representing the absence of both potential landslide
predictive factor and landslides.

Considering the equations above for the weight of
evidence and to calculate the weight for each class of the
Factors a code was designed in the Matlab environment
and the result is given as (Table 2) below.

Table 2. Result of the WOE weight calculation using the designed
MATLAB code.

Factor Classes Count Landslide Weight
<1000 18981 569 0.668186
1000-1500 460398 9914  0.360633
m 1500 - 2000 2432686 14158 -1.40779
D
<
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O
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- Concave 887475 24330  0.729589
§ Convex 3782009 37303 -1.05898
£ Planar 889021 25297  0.783336
<50 123069 1068 -0.60658
o 50-100 121635 1036 -0.62555
25 100-150 118764 1063 -0.57464
23 150-200 115967 1096  -0.51882
38  200-250 112899 1085  -0.50149
0
® 250 < 496;'21 81582  0.606446
VeryLow 2931 16884 -0.90057
)
3 Low 13861 31 20017 -0.10223
k=l
5 Moderate 190" 21512 0.200833
[}
> High 707240 22723 0.905817
Very High 233614 5794  0.496563
m Low 219707 23512 -0.52083
I 207469

Moderate 24054 -0.44966

1
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amort . 30624  0.453983
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C  Sedimentary 2095452 5655  -2.18382
3 Rocks
8 laneous 591616 10421 0.135954
rocks
Compressed
Sedimentary %0 40230  0.922458
Rocks
~ <500 419595 10919  0.576013
39 500-1000 399770 12446 0.785072
$5  1000-1500 391154 10112 0.564129
%3 1500-2000 370844 6543  0.131602
o84
2° 2000 < 3970519 46910  -0.7767
Water 22129 111 115334
Vegetation 684056 240 -3.94642
Land  Bare Ground 4588220 84882  2.179522
Cover ™"Urban Area 229203 1520 -0.89471
Wetlands 1189 54 1.09452
lce Cover 24923 123 117004
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g <20 98259 153 -2.33703
2 3 20-50 140347 300 -2.02576
33 50-100 217154 832 1.44874
5 100150 200262 1167  -1.02022
150-200 185438 1349 -0.79197

Once the weight of each factor was calculated using
the above equation, with the simple summation of all the
factors the Landslide Susceptibility indexation map would
be extracted using the (Eq.8).

LSwog = Wcy + Wey + Weg + -+ Wey, [8]

LS is the Landslide Susceptibility Index, (Wc) is the
weight of each factor's classes. LS is representing the
relative hazard of landslide occurrence (Fig. 3).
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Fig. 3. Result of the weight of evidence method for the landslide
susceptibility mapping of Kabul, Afghanistan.

Both of the bivariate statistical methods has some
advantages such as, the model can identify the influence
of each class within the factor on landslides. Moreover, the
method can be used for both scale and categorical factors.
But in another hand, it cannot identify the possible
relationship between the factors (the relation between the
slope angle and lithology, which both factors are really
important in slope failure prediction) and all the factor
which will be used in the analysis should be conditional
independent.

3.3 Logistic Regression (LR) Approach

The principle of logistic regression (LR) rests on the
analysis of a problem, in which a result measured with
variables such as 0 and 1 or true and false, is determined
from one or more independent factors (Menard 1995). In
the case of landslide susceptibility mapping, the goal of LR
would be to find the best fitting model to describe the
relationship between the presence or absence of
landslides in a set of independent parameters such as
slope angle, aspect, lithology, etc.

LR does not define susceptibility directly like WOE and
FR approaches but an inference can be made using the
probability. One of the biggest limitations of this method is
that the method cannot be calculated for the categorical
data. Therefore, the categorical data in this method was
removed from the calculation, and however, it has a
significant effect in to the result. Generally, LR involves
fitting the dependent variable using an equation below.
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_ , _ p
Y = Logit(p) =In (1 — p)

= C0+C1X1 +C2X2 + .- [9]
+ CoXy,

Where p is the probability that the dependent variable

) is 1, 1% is the so-called odds or likelihood ratio, Cyis

the intercept, and C;,C, ... ... C, are coefficients, which
measure the contribution of independent factors
X, X5 o X,to the variations in Y.

Considering the above equation, a code was designed

in the Matlab platform and the C,is the intercept, and
coefficients for each factor was calculated (Table 3)

Table 3. Logistic regression coefficient calculated using the
designed MATLAB code.

Independent factors Coefficients
Curvature -0.0795
Elevation 0.0034

Faults 0.0001
Precipitation 0.1806
River -0.0005
Road 0.0612
Slope 0.105
SPI 0.0217
TWI -0.003
Constant 0.0228

Once we got the Constant and the coefficients with the
simple summation and multiplication of the independent
factors with its Coefficients, we can get the result where Y
is representing the relative hazard of landslide occurrence
(Fig. 4).
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Fig. 4. Result of the logistic regression method for the landslide
susceptibility mapping of Kabul, Afghanistan.

The problems on identifying the relationship between
factors which existed in bivariate statistical method has
been solved in model and the output values represents a
meaningful probability in a susceptibility map but the
model has some weakness such as, the model cannot
identify the influence of each class with a factor on
landslide and the categorical data can be calculated or if
the categorical data has been changed to scale but still too
much of it can create immense problems.

4. Combination of methods

The bivariate analysis is a quantitative method that
applies bivariate data and then makes comparisons in
order to find any significant relationships. Meanwhile,
multivariate analysis is a method that simultaneously
observes and analyzes two or more variables of interest
(Thi-To-Ngan, Nguyen, and Liu 2014) and to overcome
with the strength and weakness of the bivariate and
multiversity statistical methods, the combination is used
and in the process the above mentioned problems will be
solved or in another hand, they can become
complimentary for each other. As an example, the
multivariate has the limitation of using the categorical data
but in bivariate methods such a problem does not exist.
Therefore, in this study, we have used the Combination
technique to increase the accuracy of the analysis.

4.1 Combination of Frequency ratio method and Logistic
regression (FR + LR)

Combination of the methods follows the same path as
the main approach follows. In the combination of
frequency ration method, firstly the distribution of landslide
in each factor’s class will be calculated. It is normally using
the ratio of landslide in a class to the total landslide ratio in
the area (Eq.3).

Once the Fr Weight index for each factor’'s class is
calculated then sample points will be taken from the data
for the logistic regression method. The combined method
is following the same role as the Logistic regression
method.

Yeg = Co + CiFry + CoFry + -+ + CyFryy [10]

Cyis the constant, and C;,C; ... ... C, are coefficients,
which measure the contribution of independent factors
Fry, Fry ... .. Fryto the variations in Y. To get the constant
and the coefficient for the equation, the designed code
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which was used to calculated the logistic regression
approach is used (Fig. 5).

3a300M
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W 0345 0.034Very Low)
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B 0.433 - 0.sayHgh)
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Fig. 5. The combination of frequency ratio and logistic regression
methods for the landslide susceptibility mapping of Kabul,

Afghanistan.

4.2 Combination of Weight of Evidence and Logistic
regression (WOE+LR)

Similarly, the combine method of weight of evidence
and logistic regression method follows the same role. First,
the weight will be calculated from each factors class, same
as the weight of evidence method (Eq. 5, 6, 7). Once the
weight is calculated (Table 2), then the result of the weight
of evidence method will be used in the logistic regression
method to find the best fit model to separate the landslide
from non-landslide in a set of independent parameters.

Ywor = Co + C;Weight, + C,Weight, + - [11]
+ C,Weight,

Cyis the intercept, and Cy,C; ... ... C, are coefficients,
which measure the contribution of independent factors
Weight,, Weight, ... ... C,Weight,to the variations in Y(Fig.
6).

The higher result values, the higher risk of slope failure
(Lee et al. 2007), therefore, the results were classified into
five different classes “Very Low, Low, Moderate, High,
Very High” which represents the level of unstable locations
in the maps. Moreover, visually looking at the maps, it
shows that all past occurred landslides were located in the
two “high and very high risk” classes which indicate the
high accuracy of the analysis.
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Fig. 6. The combination of weight of evidence and logistic
regression methods for the landslide susceptibility mapping of
Kabul, Afghanistan.

5. Validation Method and New Designed Tool

To define the accuracy of the result, the matrix
validation method is used, this method not only gives the
success rate of a methodology but it gives the false alarm
rate and miss alarm rate. To operate the matrix validation
method uses a contingency table (Table 4) build from the
control point as below.

Table 4. Contingency table used to validate the result.

Predicted
Total Landslide No landslide
Landslide Success(A) Miss-alarm(B)
Actual No landslide False-alarm (C) Success(D)

Considering the contagious table, three indexes (1)
success rate (Eq.12), (2) miss alarm rate (Eq.13) and (3)
false alarm rate (Eq.14) can be evaluated for efficiency.

A+ B 12
Success Rate = 2 g 4D 2]
Miss Alarm Rate = L [13]
A+ B
¢ 14
Fale Alarm Rate = . [14]

Success rate shows the percentage of the points which
are correctly classified, miss alarm rate shows the
percentage of the points which are landslide occurrence
but predicted as a non-landslide which is an important rate
for landslide hazard mapping. The higher the miss alarm
rate values, the higher number of landslide points are
predicted as non-landslide. On the other hand, false —
alarm rate shows the percentage of the non-landslide



409
A.Q. Akbar et al. / Lowland Technology International 2018; 20 (3): 401-412

B Success Rate (%) W False Alarm Rate (%)

Miss Alarm Rate (%)

78.5

22

+ mmmm 236

17.5
> S 77.5
= mam 2238

. 295
18.6
|

m
-
=

OE

Fig. 7. Validation result of analysis using the new designed tool.
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Fig. 8. The influence of threshold value on accuracy of an analysis.

points incorrectly classified as a landslide. The higher the
false alarm rate, the higher false information in the
landslide hazard prevention.

In addition, the accuracy of a landslide susceptibility
map also depends on the selection of the critical values,
has equally important role. Generally, commonly
classification method used in landslide susceptibility
mapping classification are associated with errors that
affects the accuracy of the analysis. The mentioned
classifications cannot clarify the information needed for the
susceptibility map classification. To reduce the error and
define the critical boundary for the classification a tool was
designed in the Matlab program. The new tool needs the
landslide susceptibility map values in a set of the point
equally divided in landslide and randomly from non-
landslide. The tool naturalize the values and calculated the

three above rate for all of threshold values from 0% to
100%.

6. Result and Discussion

To evaluate the accuracy of the analysis number of
control points equally divided from the landslide and
randomly from the non-landslide area are chosen and with
the use of new tool the above three rate was calculated.
To compare the methodologies the highest success rate
of all of the methodologies were considered (Fig. 7).

The result (Fig. 7) show that all the methodologies
used in this study is giving an acceptable accuracy but the
combination of the bivariate and multivariate statistical
method increases the accuracy of the analysis and they
are more reliable than the methods alone. From the result
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it has been clarified that the combination method of
Frequency Ratio (LR) and Logistic Regression method
(LR) is more reliable because of its higher success rate
and lower miss alarm rate.

Furthermore, the wused classifications for a
susceptibility maps are not enough because they are
associated with the higher miss alarm rate and it does not
give the critical boundaries for the classification. The
classification has to be with an acceptable success rate,
miss alarm rate, and false alarm rate. The new designed
tool allows the user to define suitable classification
thresholds for the susceptibility map (Fig. 8).

From the Fig. 8 It is clear that the threshold used in the
natural break classification of GIS not only it is not
displaying the high accuracy but has 32.654 % of miss
alarm rate. Similarly, the 0.5 threshold which is the
regression critical boundary to separate the landslide from
the landslide is giving a higher accuracy than the natural
break classification but it is still not the highest accuracy
and the boundary is associated with around 16.097 % of
miss alarm rate. In a landslide susceptibility mapping the
higher the miss alarm rate the higher miss prediction which
still do not answer the need of a landslide susceptibility
map by not having low miss alarm rate and not specifying
the rest of the classification boundary.

The result of designed tool, not only the critical
boundary can be selected based on the study propose in
an area but it is giving an idea how to select the reset of
classification boundaries, as an example If the study area
is in a city with a high population then the miss alarm rate
has to lower. On the other hand, for a rural area the higher
miss alarm rate is acceptable unless there is no big
financial threat.
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Fig. 9. Modified Map of Combined Frequency Ratio and Logistic
Regression Methods for the Landslide Susceptibility Mapping of
Kabul, Afghanistan.

Figure 9 is reclassified map considering the miss
alarm rate. The miss alarm rate used up to 10% is
considered as a very high risk zone, 5% as a high risk

zone, 1% moderate zone, 0.5% low, and the rest is very
low. Visually compering the modified result with the (Fig.
5) the different can easily been seen because some of the
areas which previously was in the moderate risk zone was
now in the high and very high risk zone.

7. Conclusion

Every year thousands of people die, injure and lose
their assets because of the unexpected landslide and the
phenomena not only affect people but also affects the
economy, damage buildings, lifeline and it will damage
everything that comes to its path. It is impossible to stop a
slope from the failure but there are ways to mitigate or
reduce the risk of slope failure.

To take a step towards the hazard management and to
mitigate the disaster, numbers of statistical methods have
been proposed however very few proposed one specific
reliable method, therefore, this study was performed in
search of one reliable method with high accuracy for
landslide susceptibility mapping. From results, it can is
concluded that, all of the used methodologies give an
acceptable result but the combination of bivariate and
multivariate statistical method gives a higher accuracy for
analysis and they are complimentary for each other.

From this study, it has been found that the
classification boundary (threshold values) is playing an
important role in displaying the result on a susceptibility
map. The commonly used classification method does not
present the best results because high miss alarm rate may
be caused. The new developed tool to calculate the
success rate, miss alarm rate, and false alarm rate for all
of the threshold values, insures to make a desired map by
focusing on the miss alarm rate or the false alarm rate in
an specific area since higher miss alarm rate for high risk
zone of a rural area may be acceptable but the miss alarm
rate should be smaller for a city area.

Finally, a practical landslide susceptibility maps for the
Kabul city has been made based on the analysis of
combination FR and LR method and using the newly
developed tool for determining threshold values. It is
expected that the map will be helpful in landslide
prevention plan of the area in future.
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