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Abstract : The purpose of this study is to develop landslide susceptibility analysis techniques using
artificial neural network and to apply the developed techniques to the study area of janghung in
Korea. Landslide locations were identified in the study area from interpretation of satellite image and
field survey data, and a spatial database of the topography, soil, forest and land use were
consturced. The 13 landslide-related factors were extracted from the spatial database. Using those
factors, landslide susceptibility was analyzed by artificial neural network methods, and the
susceptibility map was made with a GIS program. For this, the weights of each factor were
determinated in 5 cases by the backpropagation method, which is a type of artificial neural network
method. Then the landslide susceptibility indexes were calculated using the weights and the
susceptibility maps were made with a GIS to the 5 cases. A GIS was used to efficiently analyze the
vast amount of data, and an artificial neural network was turned out be an effective tool to analyze
the landslide susceptibility.

the study area was selected, then landslide-

INTRODUCTION related databases were collected, artificial

In Korea, frequent landslides often result in
significant damage to people and property. In
the study area, Janghung in Korea, much
damage was caused on these occasions. The
site lies between the latitudes 36 25" 21" °
N and 36° 30" 00" ° N, and longitudes 127°
39° 36" ' E and 127° 45 00 E. and
covers an area of 68.43km?.

For the landslide susceptibility analysis, first,

neural network were trained, weights were

determinated landslide  susceptibility —was
analyzed, the result was verified, and the
landslide susceptibility map was created.

To analze and verify the effect of training site,
the 5 cases with different training site were
applied. When the weights converged to
reasonable values, the weight that satisfied the

stopping criterion during the training, landslide
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susceptibility was analyzed using the weights
modified by back propagation between neural
network layers. The analysis results were
converted to grid data and the landslide
susceptibility map was made using GIS. Finally,
was verified using

the analysis forecast

landslide location.

ARTIFICIAL NEURAL NETWORK
The most frequently used neural network
method and used method in the study is the
backpropagation-learning algorithm. This is a

learning algorithm of multi-layered neural

network, which consists of an input layer,

hidden layers, and an output layer. The hidden
and output layer neurons process their inputs
by multiplying each of their inputs by the
corresponding weights, summing the product,
then processing the sum using a nonlinear
transfer function to produce a result. Artificial
neural network “ learns” by adjusting the
weights between the neurons in response to
the errors between actual output values and
target output values. At the end of this training
phase, the neural network represents a model,
which should be able to predict a target value
given an input value.

The Multi-layer Perceptron (MLP) can separate
data that are non-linear because it is * multi-
layer’ , and it generally consists of three types
of layers. The first layer is the input tayer,
where the nodes are the elements of a feature
vector. The second type of layer is the internal

or ' hidden” layer since it does not contain

output unit. The third type of layer is the output
layer and this presents the output data. Each
node in the network is interconnected to the
nodes in both the preceding and following
layers by connections. These connections have
associated with them weights (Atkinson and

Tatnall, 1997).

SPATIAL DATABASE CONSTRUCTION USING
GIS
Landslide occurrence areas were detected in
the Janghung area, Korea, by interpretation of
IRS (Indian Remote Sensing) and field survey
data. Topography, soil, and forest databases
were also constructed. Maps relevant to
landslide occurrence were constructed in a
vector format spatial database using the GIS
software ARC/INFO. These included 1:25,000
scale topographic maps, 1: 50,000 scale soil
maps and 1:25,000 scale forest maps. Contour
and survey base points that have an elevation
value read from the topographic map were
extracted, and a DEM (Digital Elevation Model)
was made. The DEM has the 10m resolutions.
Using the DEM, the slope, aspect and curvature
were calcufated. Soil texture, parent material,
drainage, effective thickness, and topographic
type were extracted from the soil database.
Forest type, timber age, timber diameter, and
timber density were extracted from the forest
map. Lithology was extracted from the

geological database, and land use was
classified from Landsat TM satellite imagery To

achieve this, the calculated and extracted
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factors were converted to a 10 m x 10 m grid
(ARC/INFO GRID type), and then converted to
ASCIl data for use with the artificial neural
network program. The analysis results were

converted to grid data using GIS.

LANDSLIDE SUSCEPTIBILITY ANALYSIS USING
ARTIFICIAL NEURAL NETWORK

The weights were applied to the entire study

area and the landslide susceptibility index value

was calculated. The calculated index values

were converted into an ARC/INFO GRID using

the GIS. Then the landslide susceptibility map

was created using the GRID data.

LANDSLIDE SUSCEPTIBILITY FORECAST
MAPPING AND VERIFICATION
Verifications were performed by comparing the
forecast with existing landslide data, and the
result of this is shown in Fig. 8. For verification
of landslide susceptibility calculation methods,
two basic assumptions are needed. One is that
landslides are related to spatial information
such as topography, soil, forest, geology and
land use, and the other is that future landslides
will be precipitated by a specific impact factor
such as rainfall or earthquake (Chung and
Fabbri, 1999). In this study, the two
assumptions are satisfied because the
landslides are related to the spatial information
and the landslides were precipitated by one
cause, heavy rainfall in the left and right sides

of the study area.

The verification method was performed by

comparison of existing landslide data and
landslide susceptibility analysis results for the
left side of the study area. The success rates in
Fig. 1. To obtain the relative ranks for each
prediction pattern, the calculated index values
of all cells in the study area were sorted in
descending order. Then the ordered cell values
were set to Y-axis, with accumulated intervals
in X—-axis.

CONCLUSIONS AND DISCUSSION
In this neural network method, it is difficult to
follow the internal processes of the procedure,
and the method entails a long execution time
and has a heavy computing load. There is a
need to convert the database to another format
such as ASCII.
landslide susceptibility can be analyzed
qualitatively, and there are many advantages,
such as a multi-faceted approach to a solution
extraction of a good result for a complex
problem, and continuous and discrete data
processing. To capitalize on these advantages,
the artificial neural network methods have to be
improved by further application and upgrading
of the programs.
The landslide susceptibility maps made from
the susceptibility index values are of great help
to planners and engineers for choosing suitable
locations to undertake projects. The results can
be used as basic data to assist sl'ope
management and land-use planning. For the
method to be more generally applicable, more
landslide data aie needed. as well as the

program being applied to more regions.
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(a) Case 1: Use of landslide location as
occurrence training site and slope is 0 as not-
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{d) Case 4: Use of result from likelihood ratio
as occurrence training site and result form

likelihood ratio as not-occurrence training site
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(e) Case 5: Use of result from logitsic
regression as occurrence training site of result
from logitsic regression as not-occurrence
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Figurel . Sucess curve of each cases..
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