See discussions, stats, and author profiles for this publication at: https://www.researchgate.net/publication/261090504

Geographic Information System (GIS)-based landslide susceptible area
detection using geospatial and satellite data (Case study of Banten, DKI
Jakarta and Jawa Barat provinces)
Conference Paper · November 2011
DOI: 10.1109/TENCON.2011.6129123

CITATIONS

READS

2

58

2 authors:
Dodi Sudiana

Ardhi Adhary Arbain

University of Indonesia

The University of Tokyo

54 PUBLICATIONS 94 CITATIONS

26 PUBLICATIONS 85 CITATIONS

SEE PROFILE

Some of the authors of this publication are also working on these related projects:

University Priority Research Grant View project

Face recognition using local face descriptor View project

All content following this page was uploaded by Ardhi Adhary Arbain on 28 March 2018.

The user has requested enhancement of the downloaded file.

SEE PROFILE

Geographic Information System (GIS)-Based
Landslide Susceptible Area Detection using
Geospatial and Satellite Data
(Case study of Banten, DKI Jakarta and Jawa Barat provinces)

Dodi Sudiana (Author)

Ardhi Adhary Arbain (Author)

Department of Electrical Engineering
Faculty of Engineering, Universitas Indonesia
Kampus Baru UI, Depok 16424, Indonesia
e-mail: dodi@ee.ui.ac.id

Department of Electrical Engineering
Faculty of Engineering, Universitas Indonesia
Kampus Baru UI, Depok 16424, Indonesia
e-mail: ardhi108@yahoo.com

Abstract— This study focused on detection technique of landslide
susceptible areas in Banten, DKI Jakarta and Jawa Barat by
utilizing Weighted Linear Combination (WLC) method based on
Geographic Information System using geospatial and satellite
data. Several weighting approaches were used to examine the
dominant landslide-controlling factors, e.g. : elevation, slope, soil
type, land cover, rainfall average and standard deviation. WLC
results showed that slope gradient was the most dominant factor
which caused landslide events. This study also assessed the yearly
distribution of landslide susceptible areas which not only depend
on fluctuation of dynamic factors such as land cover and rainfall.
The accuracy of the results depend on the precision and scale of
geospatial data which could be increased using the latest satellite
data.

landslides triggered by heavy rainfall is common. West Java is
one area in Indonesia's most vulnerable area to landslides.
In 2005, for example, 39 of 47 landslides that resulted in
243 people were killed across the country occurred in West
Java [7]. Besides earthquakes and rainfall, topography and
geographical conditions such as poor land use is a major cause
of landslides in the province. This study aims to provide
analysis and information on areas prone to landslides, in West
Java region (Banten, Jakarta and West Java provinces) using
remote sensing data from several satellite observations
combined with geospatial data field (ground observation).
This information is expected to be beneficial by minimizing
losses, to increase public awareness in those locations, and
help decision-makers (government and other stakeholders) in
terms of planning and regional development in these three
provinces.

Keywords: Landslide susceptibility, remote sensing, Weighted
Linear Combination, Geographic Information System

I.

INTRODUCTION

II.

Landslides is one of the most common natural disasters in
the world [1] and cause huge loss of material and non-material
every year [2]. In Indonesia, landslides are the most frequent
natural disaster after the flood, where the percentage of both
disasters reached 60 percent as recorded by the National
Disaster Management Agency [3]. Landslides depend on
complex interactions between a large number of interrelated
factors and can be grouped into two categories [4]: (1) natural
factors, such as: slope, soil properties, elevation, land cover,
types of rocks and others, and (2) triggering factors, such as:
heavy rainfall, earthquake or glacier bursts. Studies reported
that geographic condition of Indonesia is believed to be one of
the key factors causing landslides that often occur in this
country. Indonesia has three major tectonic plates and nine
small tectonic plates, so it prones to earthquakes and
landslides. As the largest archipelago in the world, Indonesia
is also known as maritime continent [5]. Active convection
that occurs in this region led to high rainfall throughout the
year [6]. This indicates that, in addition to earthquakes,
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LANDSLIDE VULNERABILITY MAP DESIGN

A. Flow Chart of Design Models
In general, the design flow chart model of landslide
vulnerability maps in this study is shown in Fig. 1. This study
uses data from several geospatial parameters which control the
occurrence of landslides. Geospatial data is derived from field
direct observations and remote sensing data. Spatial resolution
used ranged from 90-feet to 0.25° (grid size).
The process includes processing control factors, such as slope
data, which is derived from SRTM 90m DEM data. Derivative
data is referred to previous studies such as in [4], [8-16].
These studies concluded that landslide control parameters such
as slope, soil type and texture, flow accumulation, elevation
and land cover are dominant factors. Meanwhile, studies on
landslides in Indonesia reported in [17] and [18] concluded
that, high tropical rainfall throughout the year the main
controlling factor of landslide in Indonesia. Based on these
studies, we propose main control parameters to model the
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landslide vulnerability are: elevation, soil type and texture,
slope, land cover and rainfall.

direction (compass) of the gradient slope (β). The value can be
expressed in a gradient slope or angle and percentages, while
the aspect expressed in wind direction (north, northeast, etc.).
If the elevation is expressed as Z, then the gradient of the
slope S at a point is the first derivative of Z, with β as the
slope aspect. So the gradient can be expressed in (1).
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Figure 1. Landslide susceptibility map systematic flowchart
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B. Digital Elevation Model Data

Slope
Gradient

Digital Elevation Model (DEM) is one of the most
essential basic data in this study. DEM data used is the Shuttle
Radar Topography Mission (SRTM) launched by the US
National Aeronautics and Space Administration (NASA).
SRTM data is a technological breakthrough in digital mapping
of the earth (with a spatial resolution of up to 30 meters and a
vertical error of less than 16 meters) and capable of presenting
high-quality elevation data in wide coverage in the tropics and
the rest of the world. SRTM data products used in this study is
the SRTM 90m which is a derivative of SRTM3 data which
are processed further to remove some data gaps (no-data
voids) due to some hydrological features that prevent the
quantization process. As the name implies, the SRTM 90m
data has a spatial resolution of 90 meters in GeoTiff format as
shown in Fig. 2.

Aspect

(b)

Figure 3. (a) Components of the gradient and slope aspect; (b) slope data
derived from DEM data

DEM data can not only be used to obtain elevation
information, but can also be derived for other topographical
factors, such as slope, aspect, hill shading, slope curvature,
slope roughness, slope areas and qualitative classification of
land formation [19]. Slope is defined as the value of the field
tangent to a surface topography, which is modeled by DEM at
a point [20]. Slope is classified as a vector that has magnitude
(gradient) and direction (aspect) as shown in Fig. 3.

C. Land Cover Data
MODIS (Moderate Resolution Imaging Spectrometer) is
one of the key instruments of Terra and Aqua satellites. Global
land cover data from MODIS can be used to identify the type
of vegetation and land cover on Earth's surface. MODIS data
used in this study is the product of a combination of level 3 of
the Terra and Aqua satellites (MCD12Q1) which provide
annual information of land cover types with a sinusoidal

Gradient of a slope is defined as the maximum rate of
change in height (tan θ), while the aspect is defined as the
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projection and spatial resolution of 500 meters, in the HDFEOS format, with a series of observations in 2005 until 2009
as shown in Fig. 4.

soil based on particle size. Some previous research on
landslides, such as [11], [4], [21], and [22], stated that
landslide vulnerability level can be determined empirically
based on the type of soil texture.

Figure 4. MODIS land cover data MCD12Q1

Product MCD12Q1 is able to identify the geographical
distribution of 17 land cover classes using the schema defined
by the International Geosphere Biosphere Programme (IGBP).
With the approach proposed in [10], land cover can be
categorized into several groups, ranging from less potential to
cause erosion (a) until the very potential to cause erosion (e).
In this study, a similar approach is applied by classifying 17
types of land cover from MODIS data MCD12Q1 into 11
categories, where the landslide vulnerability ranged from 0 to
1 for each category as shown in Table I.
TABLE I.

Figure 5. Data Harmonized World Soil Database (HWSD)

E. Spatial Rainfall Data
Rainfall data used in this study are TMPA (TRMM-based
Multi-satellite Precipitation Analysis) in 3B43 product, with a
spatial resolution of 0.25°¯0.25° (grid) and 1 month temporal
resolution as shown in Fig. 6. Observation period is January
1998-December 2010.

LANDSLIDE VULNERABILITY FOR MODIS LAND COVER

Category

MODIS
class

0

0, 15

1
2
3
4
5
6
7

11, 1, 2
3, 4
5
6, 7
8, 9
10
12

8

14

9

16

10

13

Land cover type
Water, ice and permanent
snow cover
Forest, permanent wet area
Seasonal forest
Mixed forest
Bush
Sabana
Grassland
Agricultural area
Mixed vegetation/plantation
area
Barren
Developed area, roads and
coastal areas

Landslide
vulnerability
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

mm/month

0.9

Figure 6. Example of 3B43 TMPA rainfall on March 2011

1.0

For tropical regions like Indonesia, rainfall is one of the
main factors that trigger landslides. In [23], it was reported
two types of rain that could trigger landslides: (1) less heavy
rain that occurs continuously for several hours to several days
and (2) heavy rains that reached 70-100 mm per day.

D. Soil Type Data
The data type of soil used in this study is the Harmonized
World Soil Database (HWSD) developed by the International
Institute for Applied Systems Analysis (IIASA) and United
Nations Food and Agriculture Organization (FAO). These
raster data with 1 km resolution map more than 16 thousand
types of soil which is a combination of the world soil types
(Soter, ESD, Soil Map of China, WISE) and land information
from FAO-UNESCO as shown in Fig. 5.

F. Weighted Linear Combination
Landslide vulnerability can be mapped using various
methods that depend on the availability of data [24]. It was
reported that limited data is not only can produce a landslides
vulnerability map, but also with accurate results [14][16].
More information does not always lead to better results, but
depends on the quality of the data. In this research, we correct
the data georeference information by translating its geographic
coordinate system to Universal Transverse Mercator (UTM).

Landslide vulnerability of soil type could be determined based
on the texture of soil. HWSD data provide information that
follows soil texture classification from the United States
Department of Agriculture (USDA), which divides the type of
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where, 0 ≤rtotal ≤ 1.

The landslide vulnerability factors are normalized to the scale
0-1 and lastly, we map the landslide vulnerability areas using
the interactive Weighted Linear Combination. It combines the
controlling factors by applying primary and secondary-level
weighting factors [25]. In this research, we apply WLC
method to generate the final landslide vulnerability, as shown
in (3).
n

n

k =1

k =1

Z (i, j ) = ∑ wk y k (i, j ) where: ∑ wk = 1

We tested every model using (5) and found the highest r
values for models that use slope as largest factor (0.5) reached
0.559964 and 0.56723 for Hong and Arbain I model,
respectively. The landslide vulnerability map using Arbain
model is shown in Fig. 7.

(3)

( , ) is the vulnerability of the pixel (i,j) and
is
weighted linear combination of the k-th factor, where in this
research, k has value of 1-7 (1 for the slopes, 2: elevation, 3:
soil type, 4: land cover, 5: drainage density, 6: average rainfall
and 7: the standard deviation of rainfall). The next step is to
determine
weight
for
each landslide
controlling
factor/parameter. We proposed new weighting models and
compared to previous methods. The locations of study cases
cover West Java, DKI Jakarta and Banten provinces. The best
weighting model is selected that represents the landslide
events in those provinces. The model used in this study can be
seen in Table II.
TABLE II.
No
1
2
3
4
5
6
7

Figure 7. Landslide vulnerability map using Arbain I model

We observed the annual landslide vulnerability maps, and
concluded that rainfall affects the tendency of landslides in all
areas. Areas that have an high rainfall average and standard
deviation will have a higher risk of landslides. Because the
rainfall is dynamic, then the vulnerability to landslides may
vary from year to year. Based on our results, it can be
concluded that the main (primary) factor that most influence
the occurrence of landslides in the provinces of Banten, Jakarta
and West Java is slope, followed by soil type and texture,
elevation, land cover, rainfall average and rainfall standard
deviation as secondary factors.

WEIGHTING METHOD USED TO MODEL THE WLC

Model
Hong (2006), Dai
& Lee (2002)
Directorat
VMBG (2004)
Roslee (2010)
Arbain I (2011)
Arbain II (2011)
Arbain III (2011)
Arbain IV (2011)

III.

Sl
0.4

SoT
0.4

El
0.1

LC
0.1

PAv
-

PStd
-

0.15

0.2

0.2

0.15

0.3

-

0.3
0.5
0.25
0.3
0.4

0.1
0.1
0.15
0.2
0.1

0.1
0.1
0.25
0.1
0.1

0.05
0.1
0.15
0.1
0.1

0.2
0.1
0.1
0.15
0.15

0.2
0.1
0.1
0.15
0.15

Continuous scale of landslide numerical vulnerability
values can be classified again in a few categories [15]. One of
the best way to classify landslide vulnerability levels is to find
drastic changes on its histogram [26]. From the histogram, the
vulnerability of landslides can be divided into seven categories:
(1) very low, (2) low, (3) quite low, (4) medium, (5) high, (6)
high, and (7) very high. Fig. 8 shows the distribution of
categories of landslides vulnerability during 2004-2009in West
Java regions. It appears that the vulnerable areas ranged
between 25-26% of the total region and most are located in
West Java, especially in central and southern parts. Landslide
susceptible areas in West Java in category 7 covered: Bandung
and Bogor regencies, Cianjur, Garut, Kuningan, Majalengka
Districts, Sukabumi, Sumedang and Tasikmalaya regencies.
Jakarta province is relatively safe to landslides, while for the
Banten, the prone landslide areas include most of Serang,
Pandeglang and Cilegon regencies.

RESULTS AND DISCUSSIONS

The WLC is applied to map the landslide susceptibility and
performed using combination of all three previous weighting
factors by giving more weight to the slope. Tests on
vulnerability landslide models is performed by comparing grid
value (pixels) of of landslide occurrence during 2004-2011 to
the grid at the same location on landslide vulnerability map
derived using various models. If the incidence of landslides at
(i,j) is given by l(i,j) and the landslide vulnerability from a
model in the same position is expressed by y(i,j), where 0 ≤
l(i,j) ≤ 1 and 0 ≤ y(i,j) ≤ 1, then the accuracy of a model at a
point can be expressed by (4).
r (i, j ) = 1 − l (i, j ) − y(i, j ) where 0 ≤ r (i, j ) ≤ 1

(4)

Distribution of landslide vulnerable areas from year to year
followed rainfall patterns. In Fig. 9, it appears that the lowest
percentage of landslide prone areas occured in 2004 and 2006,
the same time with El Nino phenomenon. Although the El
Nino is relatively weak, it influenced significantly to the
intensity of rainfall which is low in those years. In contrast, the
distribution pattern of landslide prone areas was highest in
2007, when there was a combination of weather phenomena,
among others, La Nina phenomenon, Dipole Mode and Cold
Surge negative resulting in high rainfall in the region.

As classification process, the calculation of vulnerability
model accuracy also begins with the normalization on both
data to be compared to scale of 0-1. A value of 0 means that
both types of data have no correlation at all, so its accuracy is
lowest, and vice versa for a value of 1. Thus, the total value of
accuracy for n incidence of landslides compared to landslide
vulnerability map can be expressed in (5).
1 − 1 − yk (ik , jk )
n
k =1
n

rtotal = ∑

(5)
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[4]

[5]
[6]

[7]

Category
Figure 8. Distribution of landslide vulnerability in (%) 2004-2009

[8]
[9]
[10]

[11]
[12]
Figure 9. Percentage high vulnerable landslide (cat. 7) in during 2004-2010

[13]

This suggests that, besides being a major factor triggering
landslides, rainfall values can also be used to predict the pattern
of landslide events in the future.

[14]

IV. CONCLUSIONS

[15]

Results of data processing shows that the slope is the most
dominant factor in causing landslides, especially in the central
and southern West Java region. This is proven through
accuracy (r) results between the landslides that occurred in the
period 2004-2009 with vulnerability values at the same
location, where the best r value obtained is 0.56723. The
results also showed that the processing of dynamic factors such
as changes in land cover and rainfall amount affected the
distribution of landslide-prone areas. El Nino in 2004 and 2006
led to reduced rainfall in parts of Indonesia which has an
impact on low percentage of landslide in the study area.
Conversely, La Nina that occurred simultaneously with the
phenomenon of negative Dipole Mode and Cold Surge in 2007,
causing an increase in rainfall which result in high percentage
of landslide prone areas in the region.The quality of landslide
vulnerability maps obtained in this study relies heavily on the
accuracy and scale of geospatial data used, as well as data
landslide events that have occurred as ground truth data.
Furthermore, landslide prone maps also require validation of
the data in the field, so the accuracy can be further improved
dynamically over time.

[16]

[17]

[18]

[19]

[20]
[21]
[22]
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