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Abstract:

Landslides are a major natural hazard in many areas of the world, and globally
they cause hundreds of billions of dollars of damage, and hundreds of
thousands of deaths and injuries each year. Landslides are the second most
common natural hazard in Turkey, and the Black Sea region of that country is
particularly affected. Therefore, landslide susceptibility mapping is one of the
important issues for urban and rural planning in Turkey. The reliability of
these maps depends mostly on the amount and quality of available data used,
as well as the selection of a robust methodology. Although statistical methods
generally have been implemented and used for evaluating landslide
susceptibility and risk in medium scale studies, they are distribution-based and
cannot handle multi-source data that are commonly collected from nature.
These drawbacks are responsible for the on-going investigations into slope
instability. To overcome these weaknesses, the desired technique must be able
to handle multi-type data and its superiority should increase as the
dimensionality and/or non-linearity of the problem increases – which is when
traditional regression often fails to produce accurate approximations. Although
neural networks have some problems with the creation of architectures,
processing time, and the negative “black box” syndrome, they still have an
advantage over traditional methods in that they can deal with the problem
comprehensively and are insensitive to uncertain data and measurement errors.
Therefore, it is expected that the application of neural networks will bring new
perspectives to the assessment of landslide susceptibility in Turkey. In this
paper, the application of neural networks for landslide susceptibility mapping
will be examined and their performance as a component of spatial decision
support systems will be discussed.
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INTRODUCTION

Landslides are a major natural hazard in many areas of the world, and
globally they cause hundreds of billions of dollars of damage, and hundreds
of thousands of deaths and injuries each year. Landslides are the second
most common natural hazard in Turkey and the Black Sea region of Turkey
is particularly affected. Therefore, landslide susceptibility mapping is one of
the important issues for urban and rural planning in Turkey. The reliability
of these maps depends mostly on the amount and quality of available data
used, as well as on the selection of a robust methodology.
In many circumstances, our fundamental understanding of soil and rock
behaviour still falls short of being able to predict how the ground will
behave. In most cases, expert judgment plays an important role, and
empirical approaches for assessments are widely used. Landslides are
complicated processes, mainly because of the many different casual factors
involved in the generation of the phenomenon (such as lithology, geological
structures, and seismic activities) and geomorphologic features (such as
slopes, relative relief, land-use, ground water conditions and climate). This is
why a significant number of methods and techniques have been proposed or
tested for landslide susceptibility mapping. Broadly speaking, they may be
qualitative or quantitative, and direct or indirect (Guzetti et al., 1999). A
great variability in scale and mapping procedures exists: in fact, the choice
of type and scale of the map depends on many factors, primarily being the
requirements of the end user and the ultimate purpose of the application
(Varnes, 1974, 1984). Despite all these efforts, no agreement has yet been
reached on the techniques and methods for landslide susceptibility mapping
(Guzetti et al., 2000).
Although statistical methods generally have been implemented and used
for evaluating landslide susceptibility and risk in medium scale studies, they
are distribution-based and cannot handle multi-source data that are
commonly collected from nature. These drawbacks are responsible for the
on-going investigations into slope instability. To overcome these
weaknesses, the desired technique must be able to handle multi-type data
and its superiority should increase as the dimensionality and/or non-linearity
of the problem increases – which is when traditional regression often fails to
produce accurate approximations.
Neural Networks recently emerged as computational modeling tools that
have found extensive acceptance in many disciplines for modeling complex
real-world problems (Basheer and Hajmeer, 2000). Neural networks may be
defined as structures comprised of densely interconnected adaptive simple
processing elements (called artificial neurons or nodes) that are capable of
performing massive parallel computations for data processing and
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knowledge presentation (Hecth-Nielsen, 1990; Schalkoff, 1997). Many kinds
of neural network topology and learning algorithms have been developed as
a result of different interconnection strategies. Neural network models can be
categorized in terms of two criteria. The first one is based on whether the
model employs a supervised or an unsupervised learning strategy. In
supervised models input and output information is provided to adjust the
weights in such a way that the network can produce the outputs from the
given inputs, while in unsupervised models only input information is
provided to determine the possible classes in the dataset. The second
criterion relates to the directionality of the learning method associated with
the network topology. If the information advances from input layer to output
layer, the learning method is called “feed-forward”. Conversely, if the
information proceeds from output layer to input layer, the network is termed
“feed-back”. The most common neural network topology is Multi-Layer
Perceptrons (MLPs) with a feed-forward back-propagation learning
algorithm. It is used in about 70% of real-world applications (Werbos,
1995).
Unlike traditional statistical methods, neural networks do not require
assumptions about the form or distribution of data to analyze it; hence no
prior knowledge of the data is needed (Benediktsson et al., 1990). Neural
networks also show the remarkable information processing characteristics of
biological systems, such as nonlinearity, high parallelism, robustness, faultand failure-tolerance, learning capacity, ability to handle imprecise and
fuzzy information, and capability to generalize (Jain et al., 1996). Finally,
neural network models require less formal statistical training to develop.
Hect-Nielsen (1990) reports that neurocomputing is now providing a breath
of fresh new air to the 200+ year old gaussian statistical regression.
Sui (1993) successfully integrated MLPs with GIS for the development
of suitability analysis, and found that a neural network can make a close
approximation of experts’ decisions without the explicit expression of
experts’ knowledge into “if-then” production rules. Wang (1992) used MLPs
to strengthen the spatial data modeling capabilities of GIS. Aleotti et al.
(1998) and Gomez (2002) applied this approach for landslide susceptibility
mapping and found it out-performed traditional statistical methods. Mayoraz
and Vulliet (2002) used neural networks for slope movement prediction,
while Lee et al. (2003) also used MLPs to determine the weights of landslide
factors for susceptibility mapping.
In this paper, the application of neural networks for landslide
susceptibility mapping will be examined and their performance as a
component of spatial decision support systems will be discussed.
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NEURAL NETWORKS FOR LANDSLIDE
SUSCEPTIBILITY MAPPING

A feed-forward back-propagation (a gradient descent algorithm, also
called a generalized delta rule) was used in this study. It is the best known
procedure for training neural networks. It is based on searching a
performance surface (where error is a function of neural network weights)
using gradient descent for point(s) with minimum error. Each iteration in the
algorithm constitutes two sweeps: forward activation to produce a solution,
and a backward propagation of the computed error to modify the weights.
The forward and backward sweeps are performed repeatedly until the neural
network solution agrees with the target value within a prespecified tolerance.
The learning algorithm provides the needed weight adjustments in the
backward sweep (Figure 1).

Figure 1. Feed-forward back-propagation neural network

There are important issues relevant to the design and use of feed-forward
back-propagation neural networks and they should be addressed before
initiation of the network. It is common practice that users design their
networks using trial-and-error strategies and employ predefined rates for the
learning parameters. It is also a fact that the optimum rates for the
parameters and the size of the network required are problem dependent, and
should be determined individually for each dataset and network structure. An
extensive examination is thus necessitated to enable new users to apply
neural network models confidently and successfully. The important design
parameters for network generalization are: 1) number of hidden nodes; 2)
size of training and test datasets; 3) initial weight range; 4) learning rate;

Yesilnacar and Hunter

7

5) the momentum term; and 6) number of training cycles. Extreme values of
these parameters cause some severe effects on training convergence and
network generalization (Table 1).
Table 1. Effect of extreme values of design parameters (modified from Basheer and Hajmeer,
2000)
Design Parameter
Too High or Too Large
Too Low or Too Small
Causes overfitting and slow
training

Causes underfitting (NN unable to
obtain the underlying relation
function embedded in the data) but
fast training

Size of Training
Sets

NN with good recall and
generalization

NN unable to fully explain the
problem. NN with limited or bad
generalization

Size of Test Sets

Ability to confirm NN
generalization capability

Inadequate confirmation of NN
generalization capability

Initial Weight
Range

Solution trapped in a local
minimum or in a very flat
plateau close to the starting
point

May cause better generalization but
no guarantee

Learning Rate
(η )

Speeds up the convergence
however unstable NN (weights)
oscillates about the optimal
solution

Causes slow training and a greater
likelihood of becoming trapped in a
local minimum

Reduces risk of local minima.
Speeds up training. Causes
unstable learning

Suppresses effect of momentum
leading to increased risk of
potential entrapment in local
minima. Causes slow training

Good recall of NN
(memorization of data) but
causes overfitting in the unseen
data

Produces NN that is incapable of
representing the data

Number of Hidden
Nodes

Momentum Term
(µ )

Number of
Training Cycles

Traditionally spatial decision support systems rely on statistical
approaches in analysing data. As mentioned earlier, neural networks offer a
better alternative to statistical methods in certain circumstances therefore
they can be used as a component of spatial decision support systems, such
as for diagnosis and prognosis of spatial phenomena (Wei et al., 2002;
Tchaban et al., 1997). Their outcomes can take critical roles in spatial
decision-making and development plans.
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A CASE STUDY IN TURKEY

A pipeline was constructed in 1997 in order to supply natural gas to the
Eregli Steel Factory in Turkey. However, a serious landslide occurred near
Hendek (Figure 2). A section of the pipeline was broken due to the landslide
with a resulting fire. The fire was extinguished after 3 days and re-routing of
the problematic section of the pipeline is still under consideration. The main
requirement for re-routing studies is the preparation of sensitive landslide
susceptibility mapping at the medium scale. A neural network model was
used to produce a landslide susceptibility map by analyzing several intrinsic
factors controlling the landslides. Then the accuracy of this map was
assessed. According to the assessment result, the susceptibility map will be
used as a component of a spatial decision support system to produce a
development map for re-routing the pipeline in the future.

Figure 2. Study Area

The study area covers about 290 km2. Climatic characteristics of the
region resemble the characteristics of both the Marmara and Black Sea
regions. In winter weather conditions are generally rainy and mild and in
summer, hot. Relative humidity levels are high for every season.
The landslide inventory map is essential for landslide susceptibility
mapping because it represents the spatial distribution of mass movements
and also includes information about their location, typology and state of
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activity (Carrara and Meranda, 1976; Hansen, 1984; Wieczorek, 1984;
Einstein, 1988; Soeters and Van Westen, 1996). In this study, the landslide
inventory map was prepared by Emre et al. (1999) and Duman et al. (2001),
however each landslide body was also checked by various field studies.
Finally, a total of 112 landslide bodies were extracted and mapped on 1:25
000 scale topographical maps. These bodies were sorted according to their
modes of occurrence. This helped in understanding the different triggering
factors controlling different slope movement types. Landslides are mainly
rotational with a few being translational, flow or complex in type. Flow and
complex types were eliminated before the analysis because there were very
few numbers of landslides observed as being of these types. Therefore our
resultant map shows susceptibility levels of only rotational slides. Watershed
basin polylines were taken into account to establish the study area border
because it makes the study area more meaningful. The landslide inventory
map and final study area border are seen in Figure 3.

Figure 3. Landslide Inventory Map

The causes of slope failures are many, complex and sometimes unknown.
In statistical approaches, experts have to consider the determination of
triggering factors but neural networks have the capability to evaluate the
contribution of each factor controlling the instability by looking at training
data sets. 19 factors causing slope movements were taken into consideration:
Aspect, Distance to Drainage Network, Distance to Fault Planes, Distance to
Ridges, Distance to Roads, Drainage Density, Elevation, Fault Density,
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Geology, Land Cover, Plan Curvature, Profile Curvature, Road Density,
Slope, Slope Length, Stream Power, Surface Area Ratio, Topographic
Wetness Index, and Subwatershed Basins. All layers were prepared in raster
format having 25 meters by 25 meters pixel size. After completing the
landslide inventory map preparation and input layers, training data sets were
created. For this purpose, a buffer of 100 meters was created around the
crown and flanks of the landslide polygons. The aim of this process is to get
the pre-failure surface attributes of the landslides. Then a polygon grid
having the same extension with the study area and 25-meter pixel size was
created. The midpoint of each polygon grid was calculated and then these
points were merged with previously created buffer polygons to clip out the
ones that fall into these buffer zones. At the last stage, values of input layers
were transferred into the database of clipped out points. This technique is
called as “Seed Cell Theory” (Suzen and Doyuran, 2004). A similar process
was followed for the test data set but this time landslide body polygons were
used.
“Neurosolutions” software was used in the neural network analyses.
Several iterations (a total of 276) were tested to find the best number of
hidden nodes and the learning rate-momentum term couple for the problem.
Our focus in evaluating the system’s performance will be generalization.
This refers to the ability of a trained neural network to respond correctly to
input not used during the training process. Therefore, we train our models
with one partition of the data set and evaluate their performance with a
separate partition not used during training. Finally, 13 hidden nodes, with a
learning rate of 0.3 and a momentum term of 0.8 with 40000 iterations were
found to be the best structure for our case. It produces 82.12% overall
accuracy with the test dataset. The weights of neural networks can be
followed from input to output, the product of each route giving an indication
to the relative importance (or influence) of the chosen input. However, this
can only be a coarse measure of an input’s effect due to the non-linear nature
of NN neuron activation functions. This method can be used to prioritise
triggering factors that cause landslides and for this purpose, the formulae
proposed by Zhou, 1999 and Lee et al., 2003, were used. The results show
eight variables, namely Fault Density, Elevation, Slope, Profile Curvature,
Plan Curvature, Distance to Roads, Slope Length and Drainage Density, to
have considerable effects on the output (the occurrence of a landslide) (Table
2). These variables have higher influence than the average influence of the
total of 19 inputs. Field and desk studies also support the effect of slope,
profile curvature and slope length on landslide phenomena. Aspect,
Subwatershed Basins and Stream Power, which have relatively lower
importance values on the output node of neural networks, are unnecessary
factors for landslides occurring in this area. The results confirmed the view
before the study that these three layers were unnecessary factors.
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Neural Network Feed-Forward Back-Propagation
Learning Rule

Table 2. Relative importance of input nodes in the feed-forward back propagation learning
algorithm with respect to output node (Average Relative Importance of Input Nodes is equal
to 1)
Input Node

Relative Importance on the Output Node

Fault Density
Elevation
Slope
Profile Curvature
Plan Curvature
Distance to Roads
Slope Length
Drainage Density
Land Cover
Distance to Ridges
Geology
Road Density
Surface Area Ratio
Distance to Drainage
Topographic Wetness Index
Distance to Fault
Stream Power
Subwatershed Basins
Aspect

2.41
2.36
1.76
1.73
1.43
1.23
1.14
1.00
0.88
0.86
0.75
0.59
0.59
0.55
0.53
0.52
0.29
0.23
0.15

The landslide susceptibility map produced from the feed-forward backpropagation learning algorithm is seen in Figure 4. In order to evaluate the
model, percentages of very high, high, low and very low susceptibility levels
in total area, in landslide bodies and in seed cells were calculated. The
preferred map should have a low total percentage of high and very high
susceptible areas in the total area and high percentages in the seed cells and
landslide bodies. The low and very low susceptibility classes constitute
82.12% of the total area with a corresponding 4.35% of the total seed cells.
The rest of the area is classified as high and very high hazard that in 17.88%
of the study area with a corresponding 95.65% of the total seed cells.
Although the distribution of very high and high susceptible areas is low in
the study area, the total percentage of both zones in the seed cells (95.65%)
and landslide bodies (80.42%) are quite high. In addition, some critical parts
in the study area were also checked by several field visits to assess the
sensitivity of the model result.
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PTA
73.24
8.88
7.89
9.99
17.88

PLB
7.31
12.27
24.89
55.53
80.42

PSC
0.96
3.39
18.85
76.8
95.65

PTA/PSC
76.29
2.62
0.42
13.0
0.55

Figure 4. The landslide susceptibility map of the feed-forward back-propagation learning
algorithm and its statistical indicators for the assessment (PTA: percentage in total
area; PLB: percentage in landslide bodies; PSC: percentage in seed cells)

Another way to evaluate regression models is by the Relative Operating
Characteristics (ROC) curve (Swets, 1988; Pontius and Schneider, 2001).
The ROC curve is a method that describes the relation between true and false
predictions of the regression model for different cut-off values of the
probability. The ROC curve is based on the true-positive proportion and the
false-positive proportion (Swets, 1988). The true-positive proportion and the
false-proportion will change when different cut-off values are used. The
most ideal model shows a curve that has the largest Area Under the Curve
(AUC); the AUC theoretically varies from 0.5 to 1.0. If the model does not
predict the occurrence of the landslide any better than a random approach the
AUC would equal 0.5, like the diagonal line in Figure 5. A ROC curve of 1
shows a perfect prediction. In an attempt to assess the performance of neural
networks in modelling landslide susceptibility mapping, the ROC curve was
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used in this study. For this purpose, a test data set was prepared using
randomly selected samples from landslide bodies and safe zones.

ROC Curve
1.0
0.9

Sensitivity (True positive)

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

1-Specificity (False positive)

Figure 5. The ROC curve of the Feed-Forward Back-Propagation learning algorithm for
“Very High Susceptible Areas”, area under the curve (AUC) is 0.89

The ROC curve shows a more rapid increase in the first cut-off values
and the area under the curve is 0.89, which is a very good result for
prediction purposes.
In the spatial decision support system, determination of problem related
thematic maps is important to making appropriate decisions and
development plans. In this study, the landslide susceptibility map is a
necessity to produce the development plan for the problematic segment of
the natural gas pipeline (Figure 6). The evaluation of the study showed that
our resultant map is successful for re-routing studies. One of the advantages
of using neural network in this study is that user does not need to understand
the contribution of probable triggering factors because the model evaluates
the relative importance of each input factor by looking at training samples,
which decrease the user’s role in the selection of necessary factors for
landslide susceptibility mapping.
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Figure 6. Components of Spatial Decision Support System.

4.

DISCUSSION

There are both advantages and disadvantages in using neural networks
for spatial analyses.
Input data are always affected by uncertainty and errors which cannot
generally be evaluated and controlled. Neural networks show the remarkable
information processing characteristics of biological systems, such as faultand failure-tolerance, learning capacity, ability to handle imprecise and
fuzzy information, and capability to generalize (Jain et al, 1996). Neural
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network models also require less formal statistical training to develop. The
independent variables in the neural network usually undergo a nonlinear
transformation at each hidden node and output node, and thus a neural
network can potentially model much more complex nonlinear relationships
than any statistical model can. Sometimes it can be very difficult to extract
the most important instability factors in the phenomena and these factors
cannot also be observed by the naked eye. However, the relative influence of
the inputs (or all probable triggering factors) on the output node can be
calculated which in turn prioritises factors that cause landslides. This
calculation also makes neural networks a “grey box” rather than a “blackbox”.
There are some important issues relevant to the design and use of feedforward back-propagation neural networks. Model developers need to go
through an empirical process of performing sensitivity analyses on training
parameters such as learning rates, momentum terms, number of hidden
nodes and number of training cycle. Some heuristic approaches exist for
predetermining which neural network structure and parameter combinations
will perform best for a given problem.
Neural network models can be used as a component of spatial decision
support systems. They are powerful tools for diagnosis and prognosis of
spatial phenomena. Therefore outcomes of these models can be important for
decision makers in spatially difficult and critical cases. In Turkey, urban and
rural planning is a critical issue for some regions. Planners and decision
makers need to have hazard evaluations or risk maps for making their
development plans. At this point neural networks can analyse and produce
appropriate background maps for the early planning stages.
On the other hand there are some disadvantages in using neural networks.
Neural network model development is a computationally intensive procedure
with a standard personal computer hardware and gradient descent
algorithms, it can often take hours or days before a network will converge to
an optimum learning state with minimum error. Quicker variants of the
gradient descent algorithm (second order learning algorithms) have been
developed; among them the scaled conjugate gradient is a robust technique,
however it still requires quite large amounts of training time.

5.

CONCLUSION

Landslides are complex multivariable events, caused by an interaction of
factors that are not always completely understood.
The use of neural networks at the medium scale allows the analysis of
relationships between the factors determining the areas prone to landslides
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and their geographical distribution. This paper describes the possibility of
the successful application of neural networks, on the issue of landslide
susceptibility mapping and the contribution of neural networks to spatial
decision support systems.
In this paper, a case study was used to show the practical application of
the proposed model. In the Hendek region of Turkey, a section of a natural
gas pipeline was broken due to landslides and 19 probable factors causing
landslides were taken into hand to prepare the landslide susceptibility map
for re-routing studies. Neural networks were used in the analysis stage of the
study. Among several trials, the best network architecture produced 82.12%
overall accuracy with the test dataset. Although the distribution of very high
and high susceptible areas is low (17.88%) in the resultant map, the total
percentage of both zones in the seed cells (95.65%) and landslide bodies
(80.42%) are quite high. The ROC curve shows also good prediction and the
area under the curve is 0.89. Moreover, critical slope faces observed in the
field were checked in the resultant map and most of them fall into high or
very highly susceptible zones. Neural networks also extracted the relative
importance of factors on the phenomena, which are in agreement with expert
observations. Based on the results of this study, it is evident that the neural
network model has attractive predictive properties and is effective in
extracting the contribution of triggering factors to landslides. Concerning the
evaluation of the model, the final susceptibility map was compared with
observations and records in test areas, and the conclusions were reasonable.
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