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ABSTRACT

Landslides are common geologic hazard occurring in all parts of the world predominantly in the rainy season. In recent years,
landslide risk mapping has played an important role in developing land-use planning and it helps to minimize the loss of lives
and damages to property. A variety of approaches have been used in landslide hazard and risk assessment and these can be
classified into heuristic approach, statistical approach, deterministic approach, etc. An abrupt development of computers after
1990, geographic information systems (GIS) became essential tools for landslide hazard assessment. However, validation and
replication is always difficult and there are little works on the satisfactory validation of various approaches. This paper deals
with several aspects of landslide hazard and risk assessment by presenting a focalized review of GIS-based landslide hazard
and risk assessment with a critical information of the state of the art in using GIS and digital elevation model (DEM) derivative
for landslide hazard and risk assessment. This paper also describes some statistical and deterministic approaches and suggests
detail step-by-step methodologies. It also describes in brief about integration of various database software and GIS.
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INTRODUCTION

Landslides are the common problems of mountainous
terrains of tropical, subtropical and temperate regions and are
demonstrated in a variety of processes. Actually, landslides
are one of the normal landscape building processes in the
mountainous regions and they become a problem when they
interfere human activities. Landslides pose serious threats to
settlements, and structures that support transportation, natural
resources management and tourism. They cause considerable
damage to highways, railways, waterways and buildings.
Potential sites that are particularly prone to landslides should
therefore be identified in advance to reduce disaster damages.
Landslide hazard assessment can be a vital tool to understand
the basic characteristics of the terrains that are prone to failure
especially during extreme climatic events. Landslide hazard
zonation is defined as the mapping of areas with an equal
probability of occurrence of landslides within a specified
period of time (Varnes 1984; Crozier and Glade 2005).
Moreover, intrinsic (bedrock geology, geomorphology, soil
depth, soil type, slope gradient, slope aspect, slope convexity
and concavity, elevation, engineering properties of the slope
material, land use pattern, drainage pattern) and extrinsic
(rainfall, earthquakes, and volcanoes) variables are used to
determine landslide hazard in an area (Siddle 1991; Wu and
Siddle 1995; Atkinson and Massari 1998; Dai et al. 2001;
Cevik and Topal 2003). The extrinsic variables are site specific
and possess temporal distribution. Moreover, they are difficult
to be estimated because of lack of information about the spatial
distribution. Hence, in landslide hazard assessment practice,
the term “landslide susceptibility mapping” is addressed
without considering the extrinsic variables in determining
the probability of occurrence of a landslide event (Dai et al.
2001; Dahal et al. 2008a,b). In 2008, JTC-1 (Joint International
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Society of Soil Mechanics and Geotechnical Engineering
(ISSMGE), International Society of Rock Mechanics (ISRM)
and International Association of Engineering Geology (IAEG)
Technical Committee on Landslides and Engineered Slopes)
prepared the guidelines and defined landslide susceptibility
and hazard in the prospect of interaction between intrinsic
and extrinsic variables as well as frequency of occurrence of
the events (Fell et al. 2008). According to JCT-1 definition,
landslide susceptibility is a quantitative or qualitative
assessment of the classification, volume (or area), and spatial
distribution of landslides which exist or may potentially
occur in an area. Landslide susceptibility zoning requires
an inventory map of landslides occurred in the past together
with assessment of the areas with the potential to occurrence
of landslides in future but with no assessment of frequency
(annual probability) of occurrence (Cascini 2008). Landslide
susceptibility map includes landslides which have their source
in the area, or may have their source outside the area but may
travel through the area or return into the area (Fell et al. 2008;
Cascini 2008; Frattini et al. 2010).

A region is considered to be susceptible to landslides when
the terrain conditions at that site are comparable to those in
the region where a slide has occurred (van Westen 2000). The
integrated analysis of all intrinsic variables in relation to the
spatial distribution of landslides has gained enormous success
by the introduction of Geographic Information Systems (GIS),
the ideal tool for the analysis of parameters with a high degree
of spatial variability. For a landslide hazard assessment, the
assumption is made that conditions, which led in the past to
landslides, will also result in potential unstable conditions in the
present. Thus, a landslide inventory mapping, differentiating
according type, activity, dimensions and so on is primary data
for landslide hazard or susceptibility zonation.
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The inventory map also need to cover information of time
span based landslide distribution as far as possible. When
mapping of intrinsic parameters or causal factors, emphasis
should be given to the most relevant terrain parameters
related to the occurrence of landslides. Generally, it is true
that the selection of intrinsic parameters takes the nature of
the study area and the data availability into account. But in
a GIS-based technique, it is also necessary to be sure that
any selected factor is functional (has a certain degree of
affinity with previous occurrences of landslides), complete (is
reasonably represented all over the study area), no uniform
(remarkable spatial variation), measurable (can be expressed
by nominal, ordinal, interval, ratio scales), and non-redundant,
i.e., outcome of selected factors should not account for double
effects in the final result (van Westen 2000; Yelcin 2008).
Geomorphological hazard mapping and analysis of landslide
inventories are two basic expert knowledge-based qualitative
landslide hazard mapping techniques. Geomorphological
mapping of landslide hazard is a direct, qualitative method that
relies on the ability of the investigator to estimate actual and
potential slope failures. When making use of GIS techniques,
the following methodological approaches can be differentiated
(van Westen 2000):

Heuristic qualitative approach: particularly suited for small-
scale regional mappings. The scale of such mappings is in
the order of 1:100,000 to 1: 250,000 scales and suitable for
regional scale planning.

Statistical quantitative approach: used by consulting
firms or planning agencies for the preliminary planning of
infrastructural works, such as the definition of road corridors
and use the range of 1: 25,000 - 1: 50,000 scales. This scale
can be sub differentiated as data driven multivariate statistical
analysis and experience driven bivariate statistical analysis.

Deterministic approach: for detailed studies at large scale (1:
2,000-1:10,000), without entering at the level of the engineering
geological site investigation. Such small-scale studies are
used by consulting firms or local planning agencies for the
detailed planning of infrastructural works. The deterministic
and statistical methods are also called quantitative methods
(Aleotti and Chowdhury 1999) and are based on numerical
expressions of the relationship between intrinsic factors and
landslides. In the statistical approach, input and output data
related to by an empirical parametric function. The parameters
used in this function are not related to physical parameters
that can be determined in the field or in the laboratory. The
underlying physical process is absent or neglected in the
statistical approach of landslide hazard modelling. By using
statistical approach, temporal prediction of hazard is possible
provided that extreme events are present in the data set, which
was used to the derivation of the statistical model. There are
various models available in statistical approach. Examples of
the statistical approach include discriminant analysis (Carrara
et al. 1991), multivariate regression analysis (Jade and Sarkar
1993; Atkinson and Massari 1998; Ohlmacher and Davis
2003; Komac 2005; Guzzetti et al. 2006) and Bayes learning
(Lan et al. 2004). In addition, hybrid methods were also
developed by combining statistical approaches and artificial
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neural networks (ANN). Hybrid methods include ANN-fuzzy
logic (Kanungo et al. 2006), ANN-Bayes analysis (Lee et al.
2004) and Bayes analysis-decision tree (Ayalew et al. 2004).
However, information value method, weights-of-evidence,
logistic regression, weighted linear combination, analytical
hierarchy process, fuzzy logic, artificial neural network,
and support vector machine are some of the well discussed
methods in literatures (Yin and Yan 1988; Soeters and van
Westen 1996; Wieczorek et al. 1996; Crozier 1999; Guzzetti
et al. 1999; van Westen 2000; Lee and Min 2001; Dai and Lee
2001, 2002, 2003; Dai et al. 2001; van Westen et al. 2003;
Dai et al. 2004; Lan et al. 2004; Siizen and Doyuran 2004;
Zg&zere et al. 2004; Ayalew and Yamagishi 2005; Ermini et al.
2005; Yesilnacar and Topal 2005; Saha et al. 2005; Kanungo
et al. 2006; Komac 2006; Sharma and Kumar 2008; Yao et al.
2008; Yelcin 2008. Complete overviews of the use of GIS for
statistical landslide susceptibility assessment can be also found
in van Westen (1994), Aleotti and Chowdhury (1999), Guzzetti
et al. (1999), Dai et al. (2001), Cevik and Topal (2003), Fall
et al. (2006), Dahal et al. (2008a), Dahal et al. (2008b), Dahal
et al. (2008c), Fell et al. (2008), Cascini (2008), Pradhan
and Buchroithner (2009); Frattini et al. (2010); Pradhan and
Lee (2010); Dahal et al. (2012). The deterministic approach
is also called physically based approach. The deterministic
quantitative methods depend on engineering principles of
slope instability expressed in terms of the factor of safety. They
are based on the physical-mechanical laws of conservation of
mass, energy and momentum and the equilibrium of forces.
The parameters used in deterministic approach can be derived
in field or laboratory and can be used for spatial as well as
temporal prediction of landslide hazard. Due to the need for
exhaustive data from individual slopes, these methods are
often only effective for mapping small areas. GIS application
in slope stability analysis is not just limited to the spatial and
non-spatial database generation and manipulation but it also
assists in modelling, as different physically based models can
be readily integrated in it. A coupled approach incorporated in
GIS, combining hydrological and slope stability parameters,
is commonly adopted to facilitate the simulation of slope
stability. Deterministic models which were traditionally used
to calculate the stability of individual slopes, with the advent
of GIS and its data handling capabilities, have also been
successfully applied over larger areas such as catchments
(Montgomery and Dietrich 1994; Pack et al. 1998) and road
corridors (Hammond et al. 1992). There are few examples
of GIS-based deterministic models in literatures. In these
models, both topographic as well as engineering properties of
slope materials can be used to prepare deterministic landslide
hazard zonation map. Montgomery and Dietrich (1994) and
Dietrich et al. (1995) developed a contour- or polygon-based
hill slope hydrological model called SHALSTAB. This model
considered some of the index properties of slope materials,
and can be implemented as an extension of commercially
available GIS software (ArcView and ArcGIS). Pack et al.
(1998, 2001) developed another approach (SINMAP), which
is suitable for modelling slopes that have a shallow soil
depth and impermeable underlying bedrock. It is similar to
SHALSTAB, but uses cohesion and root cohesion (for forested



slopes) in the calculations. Thus, SINMAP may be viewed as
an advanced version of SHALSTAB. The contributing area is
one of the important topographic parameters used in SINMAP.
CHASM is a hydrological-slope stability model developed by
Bristol University, links a finite difference hydrological model
with Bishop’s rotational slope stability model. A PC-based
integrated dynamic slope stability model, IDSSM (Dhakal
and Sidle 2004), a modified version of dSLAM, examines the
influence of different rainstorm characteristics on landslide
initiation. TRIGRS, acronym for Transient Rainfall Infiltration
and Grid Based Regional Slope Stability, is a FORTRAN
program for computing transient response of pore-pressure
due to rainfall infiltration and consequent changes in the safety
factor. It is based on the Iverson’s method (Iverson 2000) and
is modified by including the solutions for additional basal
boundary conditions and a runoff-routing scheme (Baum et al.
2002). These models are capable to result spatial distribution
of slope instability in terms of the factor of safety. Gokceoglu
and Aksoy (1996), Terlian (1996), van Westen and Terlian
(1996), Glade et al. 2000), Dhakal and Siddle (2004) are some
attentive examples of deterministic landslide hazard study.

GIS AND DATA PREPARATION

When GIS techniques are employed for landslide hazard
analysis, it is important that each data-layer map be composed
of only one type of data element (points, lines, or areas and
polygons) and have one or more accompanying tables to
define the characteristics of each. Of course, the data layers
required by landslide hazard analysis may vary to account for
the characteristics of different environments. Any spatially
distributed data with a geo-reference to real world could be
stored as points, lines and polygons (vector model) or as
continuous fields (raster data model).

The landslide information of an area can be overwhelming
and the need to put managed way for timely decisions and
planning. GIS tools help to present the information in useful
ways. GIS allows to bring all types of landslide data together
based on the geographic component of the data. Unlike a static
paper map, GIS can display many layers of information that
is useful to assess a particular problem of landslides. It also
helps to integrate, visualize, manage, solve, and present the
information in a new way. Relationships between the data will
become more apparent and data will become more valuable. GIS
provides the power to create landslides related maps, integrate
information, visualize scenarios of failures, solve problems,
present powerful ideas, and develop effective solutions. In
particular, GIS has ability to present the data, produce results
in map forms. It also has capability of interactive visualization
in a spatially optimized mode. Thus, it plays a key role in
identifying the critical areas, where more rigorous analysis and
improved solution is required.

The landslide processes are related to a variety of factors
relating to both the natural environment and human activities.
Therefore, landslide hazard mapping requires many data about
causative factors like rock type, geologic structure, land use,
hydrology etc. For this reason, landslide hazard mapping
procedures entail multidisciplinary works.
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Landslide hazard mapping in GIS
Input data for landslide hazard mapping

In order to prepare a landslide hazard map, various data
needs to be combine. The combination is performed with
various statistical procedures. The input data required for
assessing landslide hazard at the regional, medium, and large
scales of mapping are well described by Soeters and van
Westen (1996). Each input data may be represented by an
individual map. The input data layers required for landslide
hazard mapping may vary to account for the characteristics
of different natural environments. Some of the essential input
data can be categorized into the following factor maps.

(a) Geological and engineering geological maps: They show
the different types of rock units and their spatial distribution
in an area, engineering soil of the area, with information on
geotechnical index parameters.

(b) Digital Elevation based morphometric maps: They show
quantitative information about the landforms, such as
altitude, slope angle, slope aspect, concave slope, convex
slope etc. These maps are derived from Digital Elevation
Model of the area.

(c) Soil thickness map: Map having information about
thickness of the soil cover in the study area.

(d) Geomorphological map: It shows a subdivision of the
terrain in landforms, generated through different geological
processes like, glacial, fluvial, etc.

(e) Groundwater table maps: They show the depth of the
groundwater for different periods, related to different
amounts of rainfall. These maps especially needed for
deterministic landslide hazard analysis.

(f) Land use map: Map having information about various types
of land use and land cover in the area. Such map can be
derived from satellite image interpretation, aerial photo
interpretation and field mapping.

(g) Seismic acceleration map: It shows the acceleration related
to earthquakes with a certain return periods, and basically
suitable in deterministic landslide hazard mapping.

(h) Hydrological and hydrogeological maps: They show the
drainage network, catchments, spring and seepage zones.
Similarly, flow accumulation, sediment transport index,
wetness index are also used for hazard analysis. These maps
are prepared either through image and photo interpretation
or from existing topographic maps.

(1) Human intervention maps: Human intervention in the natural
environment always facilitates landslide processes on
mountainous region. Programs such as road construction,
irrigation canal construction, improper irrigation practice,
unconventional housing on slopes and improper cut-and-
fill always elaborate landslide risk. Therefore, in statistical
analysis, causatives maps such as distance to roads or
distance to irrigation canals are widely used in analysis.

(j) Landslide inventory maps: They show the location, types,
activities and component parts of landslide, like scarp
area, transportation zone, or accumulation zone. In the
statistical landslide hazard analysis, without landslide
inventory, hazard zonation is not possible. Similarly, for
the deterministic landslide hazard analysis also, landslide
inventory maps are useful to validate model and to interpret
the accuracy of the zonation maps
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Landslide inventory map

Preparation of a landslide inventory map is the basic
approach of landslide hazard mapping. By the help of aerial
photo interpretation, field survey, historical data of landslide
occurrences and literature collection help to prepare landslide
inventory map. Such map contains the spatial distribution of
landslide, represented either at polygons or as points and can
be used as an elementary form of hazard map.

Landslide inventory maps do not provide insight into
temporal (time dependent) changes in landslide distribution.
Such maps lack many landslides that occurred sometime
before the time of aerial photographs taken as well as
fieldwork conducted. Enhancement can be done by the help
of interpretation of aerial photographs of different time (multi
temporal) and data of different field visit. Landslide inventory
mapping also helps to prepare landslide density maps. For
regional scale of landslide mapping, preparation of inventory
maps is some-what not applicable because scale does not permit
to represent many landslides of smaller size. During regional
scales of landslide hazard mapping, landslide inventory is a
prime parameter necessary for heuristic or statistical approach.

Similarly, according to JTC-1 (Joint Technical Committee
- 1, International Society of Soil Mechanics and Geotechnical
Engineering) guidelines, a landslide hazard map is complete
when it includes the information about the landslide magnitude
probability, the landslide spatial distribution probability and
the landslide temporal variation probability (Fell et al. 2008).
However, it is always not possible to obtain information
about magnitude, spatial and temporal probabilities of
landslides for all regions. As a result, landslide susceptibility
is the alternative way to express the landslide hazard. Another,
alternative way to address the magnitude, spatial and temporal
probabilities is to define proxy parameters. For example,
magnitude can be expressed by a proxy parameter such as area
of landslide (Guzzetti et al. 2006). Similar, proxy parameters
can be defined for the spatial and temporal probabilities, for
example, the temporal distribution of landslides can be used as
a proxy of extrinsic parameters and landslide hazard map can
be produced.

HEURISTIC APPROACH OF LANDSLIDE
HAZARD MAPPING

In heuristic methods, basically geomorphological survey
is done to classify the landslide hazard. Expert opinion plays
a direct role in classifying hazard. The mapping of landslide
and their geomorphological setting are the main input factor
for hazard determination. In general, two types of heuristic
approaches have been in practice (Soeters and van Westen
1996) for landslide hazard mapping.

Geomorphological analysis or direct mapping
approach

The hazard is mapped directly in the field by an experienced
geomorphologist or geologist. During mapping, especial
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attention is given to the geomorphological setting of the
slopes. In 90s, this methodology was in widely practice for
road corridor and irrigation canal landslide hazard mapping.
The main drawback of this method is that the product maps
vary from place to place and may be different from experts
to experts in a single place. In the recent days, the use of
such approach has been replaced by statistical approach. An
example of geomorphological analysis for landslide hazard
mapping is shown in Fig. 1.

Qualitative methods

Qualitative methods of landslide hazard mapping are based
on qualitative map (geological map, land use map, slope map,
hydrological maps, human intervention parameter maps (such
as road, canal, and trail), hydrogeological map, and so on)
combination. In a qualitative map combination, the weight
values are allocated to series of parameter maps (Fig. 2) and
each parameter map receives different weight. The allocated
weights are then sum up and these values are used for hazard
classification. The range values of sum up weights are grouped
into hazard classes as low, moderate and high. This method of
hazard mapping is widely used in landslide study. This method
can be applied to regional, medium and large-scale mapping.
Statistical approach is now replacing this method and now very
few works appear in research articles.

Statistical Approach

The statistical landslide hazard analysis deals with the
groups of factors that have led to landslides in the past. Such
factors are determined statistically and quantitative (amount
or number) predictions are made for landslide free areas with
similar failure conditions. Bivariate and multivariate statistical
analyses are two types of statistical approaches currently in
practice for landslide hazard analysis. In this approach, the
interaction between one parameter and another parameter is
statistical only. In calculation, there is no physical law and
interaction. As a result, statistical approach is also called black
box model.

Bivariate statistical analysis

In bivariate statistical analysis, each parameter map
(geology, slope, hydrology, land use etc.) is combined with the
landslide inventory map and weight values for each parameter
class (slope class, rock types, land use etc) are obtained on the
basis of landslide distribution in the area and causative class
itself. Finally, the weight value is summed to obtain landslide
hazard index (LSI). In many cases, same landslide data are
used for both hazard assessment and validation. However, in
recent practice, old landslide data are used for hazard modeling
and new landslide data are used for model validation. To check
capability of LSI values to predict landslide occurrences can
be verified by the help of success rate (Chung and Fabbri
1999) curve and effect analysis (Lee 2004, Lee and Sambath
2006, Dahal et al. 2008a). The success rate indicates how
much percentage of all landslides occurs in the classes with
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Fig. 1: A map representing geomorphological analysis of a landslide prone area of western Nepal (After Dhital et al. 2002).

the highest value of susceptibility maps. Effect analysis helps
to validate and to check the predictive power of selected
factors and classes that are used in susceptibility analysis. The
distribution frequency of existing landslides in higher LSI is
use to prepare success rate curve. It is a measure of goodness
of fit of the model. The curves can be created by plotting class
group (from 1% to 100%) of high to low hazard value in x-axis
and respective value of landslide pixel percentage in each
class group in y-axis. The success rate curve helps to identify
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the classification boundary of LHI value to prepare landslide
hazard zonation map with various hazard categories (Fig. 3).
If new landslide data available, old landslide data can be used
for hazard modeling and new landslide data can be used for
validation of model. In this condition, the success rate curve
is called prediction rate and it validate landslide hazard index
independently (Chung and Fabbri 1999; van Westen et al.
2003; Remondo et al. 2003; Lee et al. 2007; Lee 2004; Dahal
et al. 2012; Regmi et al. 2010; von Ruette et al. 2011).
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Fig. 2: Qualitative methods of landslide hazard mapping.
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Fig. 3: Work flow of bivariate statistical analysis for landslide hazard mapping.
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Similarly, according to the new approach described by JTC-
1, to evaluate landslide hazard by statistical method, annual
spatial and temporal probabilities of landslide are always
needed to include in landslide hazard map, otherwise the
landslide hazard map is only susceptibility map. However,
proxy parameters can help to define spatial and temporal
probabilities of landslide (Guzzetti 2005). If event based
landslide data is available, it can be referred as temporal
probability and landslide hazard zonation mapping is possible.

MULTIVARIATE STATISTICAL ANALYSIS

Multivariate statistical analysis method was initially
developed by Carrara (1983). In this type of analysis, all
relevant causative parameters are sampled either on a large
grid basis (network of evenly spaced horizontal and vertical
lines on a map), or in morphometric units. The morphometric
units can be differentiated according to the slope angle or
slope aspect, relief or slope curvature. For each slope mosaic
or morphometric unit, the presence or absence of landslides
is determined. The resulting matrix is analyzed using multiple
regression or discriminant (method for finding likelihood)
analysis. This gives hazard scores for each unit. The hazard
scores are used to classify the unit either as stable or as unstable.

In recent years, the multivariate techniques have been
elaborated with various approach of sampling. Basically,
logistic regression and Artificial Neural Network (ANN)
methods are two commonly practiced multivariate modeling
methods (Fig. 4). For the logistic regression, the current
literatures have been establishing mainly three kinds of
practices (Zhu and Huang 2006). First one is using data from
all over the study area, which leads to unequal proportions
of landslide and non-landslide pixels (Guzzetti et al. 1999;
Ohlmacher and Davis 2003). Usually, large volume of data
is taken in this method. Second practice is using all the
landslide pixels and equal non-landslide pixels, which leads
to decrease in data number. The third practice is using all
landslide pixels and equal number of randomly selected pixels
from areas free of landslides (Yesilnacar and Topal 2005). As
the dependent variable is dichotomous and the relationship
between the dependent variable and independent variables
is nonlinear, logistic regression model can be used on the
causative factors. The causative parameters can be categorized
into various classes and each parameter is usually nominal
variable. The categorized causative variables can be converted
into a nominal to a numeric by coding. For this purpose,
the landslide density (Carrara 1983) concept can be used to
transform nominal variable to numeric variable of each class
category of causative parameters. The landslide density can be
used to transform nominal variable to numeric variable. It also
avoids the creation of an excessively high number of dummy
variables.

In the ANN method, using data from all over the study
area with landslide pixels is possible. However, it needs many
iterations to get suitable result from training data set and testing
data set.
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DETERMINISTIC APPROACH

If the geomorphological and geological conditions are fairly
homogeneous over the entire study area and the landslide types
are also simple, the deterministic method of landslide hazard
mapping is used. This method is widely used in hazard analysis
of small areas or in large scale. This method is based on slope
stability analysis and allows us to calculate quantitative values
of slope stability, i. e. factor of safety. Thus, the causative
parameters considered in the analysis used with physical law
and interaction to parameters to parameters are always there.
Therefore, this method is also called white box approach. The
main disadvantage of this method is the oversimplification
of landslide processes and the necessity of large amounts
of reliable input data derived from laboratory tests and field
measurements. So, this approach is only suitable for mapping
small areas at large scales. An approach of deterministic
landslide hazard analysis is shown in Fig. 5. This approach
clearly shows that detail field work and laboratory work is
necessary to collect data. There are so many uncertainties in
the geotechnical properties of soil in each pixel of map.

Therefore, the error propagation is necessary for soil
parameters such as cohesion and unit weight. The simple
error propagation method based on variance and expected
mean helps to find z-value of factor of safety and the z-value
gives probability failure. In deterministic method, rainfall is
considered as the major parameters in analysis. If the hazard
map also covers landslide hazard associated with earthquake
triggered landslide, seismic ground acceleration also needs to
be incorporate in the analysis (van Westen and Terlian 1996).

REPLICATION OF LANDSLIDE HAZARD
INDEX

Replication of landslide hazard or susceptibility index
from one area to other area is always a problem and this is
one of the limitation of existing landslide hazard zonation
procedure. However, if the causative parameters are similar to
the model area, the replication is possible. Landslide hazard
or susceptibility index (LHI or LSI) value calculated from
bivariate or multivariate analyses can be replicated when
hazard or susceptibility analysis is performed in catchment
scale. During replication process, the weight of each class of
each parameter obtained from one catchment can be used for
other catchments if they have similar causative parameters
with similar class. An example of replication in multivariate
statistical analysis is described in the case studies. The general
replication procedure is given in Fig. 6.

Case Studies

To demonstrate the principals of landslide hazard mapping,
some case studies of statistical approach of landslide hazard
mapping are described.

Case 1 - Bivariate statistical analysis
The study area

The study area is located in the south-western hills of
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Fig. 4: Work flow of multivariate statistical analysis considering logistic regression and ANN methods.
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Fig. 5: Flow chart of deterministic landslide hazard analysis, C is cohesion of soil, y is unit weight of soil, ¢ is angle of
internal friction of soil, q0 surcharge load of plants, k is hydraulic conductivity (modified after Dahal et al. 2008c¢).
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Fig. 6: Replication process of landslide hazard zonation mapping.
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the Kathmandu Valley, Lesser Himalaya, Nepal (Fig. 7).
Geologically, the study area belongs to the Phulchauki
and Bhimphedi consisting of intensely folded and faulted
metasediments, mainly limestone with a subordinate amount
of shale and sandstone of the Phulchauki Group (Fig. 8). The
study area ranges in elevation from 1,400 m to 2,560 m, with an

factor class layer. InfoVal method is one of the familiar
statistical methods of landslide hazard study in the Himalaya
(Saha et al. 2005).

The weights-of-evidence method uses the Bayesian
probability model, and was originally developed for mineral
potential assessment (Bonham-Carter et al. 1988, 1989;

Fig. 7: Geological map of Nepal and location of the study area for Case 1 and Case 2.

area of 18.9 km?. The mean annual precipitation of area ranges
from 1,500 to 2,200 mm. Most of the slope faces north, and the
slope gradient generally increases with increasing elevation.
Colluvium is the main slope material above the bedrock. The
area consists mainly of a dense forest of immature trees and
thorny shrubs.

InfoVal and WoE methods

In this study, information value and weights-of-evidence
methods were used for the landslide hazard mapping.
Information Value (InfoVal) method considers the probability
of landslide occurrence within a certain area of each class of a
landslide causative factor. This method is also regarded as the
simplification of the method described by Yin and Yan (1988),
in which the weights of a particular class in a causative factor
are determined as follow.

|

Where, Wi is the weight given to the all class of a particular
landslide causative factor layer, Dclas is the landslide density
within the landslide causative factor class, and Dmap is sum
of the landslide density within the entire landslide causative
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Agterberg 1992; Agterberg et al. 1993; Bonham-Carter 2002).
This method has also been applied to landslide susceptibility
mapping (Lee et al. 2002; Van Westen et al. 2003, Lee and
Choi 2004, Lee and Sambath 2006; Dahal et al. 2008a,b;
Sharma and Kumar 2008; Neuhduser and Terhorst 2007). A
detailed description of the mathematical formulation of the
method is available in Bonham-Carter (2002). The method
calculates the weight for each landslide causative factor based
on the presence or absence of the landslides within the area.
The method calculates the weight for each landslide predictive
factor (F) based on the presence or absence of the landslides
(L) within the area, as indicated in Bonham-Carter (2002) as
follow.

P{F|L}
P{F|L}

o P{F|L}
i = Ogcm

Where, P is probability and loge is the natural logarithm.
Similarly, F is presence of potential landslide predictive
factor, is absence of a potential landslide predictive factor, L is
presence of landslide, and is absence of a landslide. A positive
weight (Wi+) indicates that the causative factor is present at

W' =log,
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Fig. 8: Geological map of south of Kathmandu valley (modified after Stocklin and Bhattarai 1977) and geological map

of study area is shown in inset.

the landslide location, and the magnitude of this weight is
an indication of the positive correlation between presence of
the causative factor and landslides. A negative weight (Wi-
) indicates an absence of the causative factor and shows the
level of negative correlation. The difference between the two
weights is known as the weight contrast, Wfi (Wfi = Wi+-
Wi-) and the magnitude of contrast reflects the overall spatial
association between the causative factor and landslides. The
suffix '1' represents causative factor. In weights-of-evidence
method, the combination of causative factors assumes that
the factors are conditionally independent of one another with
respect to the landslides (Bonham-Carter 2002; Lee and Choi
2004).

Debris slide and debris flow (Varnes 1984) types of landslide
have occurred predominantly in the study area. In this study,
only debris slide scars were considered, because InfoVal and
WoOoE can only be applied for single types of landslides. All the
debris flows in the area were initiated after failure at the upper
reaches of topographic hollows. Thus, debris slides were the
prime landslide consequence for the study area after rainfall
events, and this study deals with landslide hazard associated
with the areas prone to landslide initiation.

Data preparation

The main steps for landslide hazard mapping were data
collection and the construction of a spatial database from
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which relevant factors were extracted. This was followed
by assessment of the landslide hazard using the relationship
between landslide and landslide causative factors, and the
subsequent validation of results. For the hazard analysis, a
number of thematic data of causative factors were identified,
including slope, slope aspect, geology, flow accumulation,
relief, landuse, soil type, soil depth, distance to road, and mean
annual rainfall. Topographic maps and aerial photographs
acquired from Department of Survey, Government of Nepal
were considered as basic data sources for generating these
layers. Field surveys were carried out for data collection and
to prepare data layers of various factors, as well as to prepare
geological, soil depth, soil type and landuse maps. A landslide
distribution map after the 2002 extreme monsoon rainfall
events was also prepared in field. These data sources were used
to generate various data layers using the GIS software ILWIS
3.3.

A landslide inventory map is the simplest output of direct
landslide mapping. It shows the location of discernible
landslides. It is a key factor used in landslide hazard mapping
by InfoVal and WoE methods because the overlay analysis
requires an inventory map. Two landslide inventory maps
for new and older landslides were prepared (Fig. 9). For the
new landslide inventory map, landslides occurring after the
2002 rainfall events were recorded in field immediately after
the events, and the landslide inventory map was prepared. As
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a consequence of 2002 extreme rainfall events, a total of 73
debris slide scars were detected in the study area. For the older
landslide maps, aerial photographs from 1979, 1989 and 1995
at scales of 1:25000 and 1:15000 were taken as a data source.
Landslide scars were identified with stereoscopes, and the GIS
data layer was prepared. Similarly, for 1:15000 scale aerial
photographs, epipolar stereo pairs were generated in ILWIS
3.3 and landslide inventory maps were prepared from screen
digitization. A total of 119 landslide scars were delineated
from the 1979, 1989, and 1995 photos. Rainfall data from the
nearest rainfall station suggested that there were comparatively
high monsoon rainfall events in 1978, 1979, 1987, 1988, and
1993. These events might be responsible for triggering these
old landslides. For the geological data layer preparation,
previous studies (Stocklin and Bhattarai 1977; Acharya 2001)
were consulted and geological boundaries of formations were
checked and modified as per the field observations. A Digital
Elevation Model (DEM) having 10 m x 10 m pixel size is
used to generate various geomorphological parameters which
influence the landslide activity in an area. From this DEM,
geomorphological thematic data layers such as slope, aspect
and relative relief, distance to drainage, and flow accumulation
were prepared. The relative relief data layer was prepared from
the difference in maximum (2500 m) and minimum elevation
(1,400 m) and was sliced into twelve classes at 100 m bin.

Landuse is also one of the key factors responsible for the
occurrence of landslides, since barren slopes are more prone
to landslides. The landuse map was prepared in the field on a
topographical map at 1:25,000 scale. Subsequently, the landuse
data layer was generated as vector polygons and converted
to a raster landuse map in GIS. Road construction activity is
another controlling factor for the stability of slopes. Thus, a
distance to road factor map was also prepared for analysis. Soil
mapping was performed mainly for estimating soil depth and
identifying engineering soil types. The study of landslides after
the 2002 extreme rainfall events suggested mainly soil depths
of 0.5 m to 2 m had maximum susceptibility to failure. The
maps of soil depth and engineering soil types (silty gravel, low
plastic clay, silty sand and clayey to silty gravel) were also
prepared.

Rainfall is an extrinsic variable in hazard analysis, and
the spatial distribution of mean annual rainfall is commonly
used in statistical hazard analysis. But, the study area has
many landslides triggered by extreme rainfall. Thus, to make
this research more practical, extreme one day rainfall, for
11 stations around Kathmandu valley was used to prepare
an extreme one day rainfall map. Thus, a total of 11 factors
maps (slope, aspect, relief, flow accumulation, soil depth,
engineering soil type, geology, land use, distance to drainage,
distance to road and extreme one day rainfall) were selected as
thematic data layers for analysis.

Analysis and Results

To evaluate the contribution of each causative factor to
landslide hazard, both new and old landslide distribution data
layers were compared separately with various thematic data
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Fig. 9: Landslide inventory maps of the study area, A)
Inventory map prepared after 2002 extreme rainfall event,
B) Inventory map prepared from aerial photographs of
1979, 1989, and 1995.

layers. For this purpose, Eq. (1) of InfoVal method was written
according to numbers of pixels as follows.

Z Npix,
8. Z Npix,

Where, W, is the weight given to a certain parameter class
(such as, a rock type or slope class). Npix, is number of pixels
which contain landslides, in a certain parameter class. Npix, is
total number of pixels in a certain class in a causative factor.
The natural logarithm is used to take care of the large variation
in the weights. Similarly, For WoE method, Egs. (2), and (3)
were also written according to numbers of pixels.

Npix,

W,=L

Npix,

Npix,
Npix, +Npix,

W [
Npix,

. =Log

Npix,+Npix,
Npix,

Npix, +Npix,
Npix,

W, =Log,

Npix;+Npix,



Where, Npix, is the number of pixels representing the
presence of both a causative factor and landslides; Npix, is the
number of pixels representing the presence of landslides and
absence of a causative factor; Npix, is the number of pixels
representing the presence of a causative factor and absence
of landslides; Npix, is the number of pixels representing the
absence of both a causative factor and landslides.

All thematic maps were stored in raster format with a pixel
size of 10 m x 10 m and were combined with three landslide
inventory maps (new landslides, old landslides and all
landslides) separately for the calculation of the weights with
InfoVal method and positive and negative weights with WoE
method. The calculation procedure was written in the form of
a script file in ILWIS 3.3, (Table 1 and Table 2) consisting of
a series of GIS command to support Egs. (4), (5) and (6). The
resulting total weights directly indicate the importance of each
factor. If the total weight is positive, the factor is favourable
for the occurrence of landslides, and if it is negative, it is not
favourable. The weights are assigned to the classes of each
thematic layer, to produce weighted thematic maps, which
are overlaid and numerically added according to Eq. (7)
for InfoVal method and Eq. (8) for WoE method to produce
Landslide Hazard Index (LHI) maps.

Wii = WSlope + WAspcls + Wea
* Weaier ¥ Woisam T Wogn N
+ WLgsull + cho + WJ_andmc
+ W]')isrd + WRnfnll
an = Wrsmpc + Wanpm + Wi
* Winaier T Winiam T Wengan 8)
+ Wngsoil + WfGeo + WfLanduse
+ WfDisrd + Wf Rafall
Where, WSlope and Wmope, WAspcls and WfAspcls’ W, and W
WRclicf and Wchlicf’ Disdrn and WtDisdm’ WDcpth and WtDcpth’ Egsoil
and Wngsoil’ WGeo and WfGeo’ WLanduse and Wﬂ,anduse’ WDisrd and
W ..oand W, and W__  are distribution-derived weights

of slope, slope aspect, flow accumulation, relief, distance to
drainages, engineering soil type, geology, landuse, distance to
roads, and extreme one day rainfall factor maps, for InfoVal
and WoE methods, respectively. The suffix ‘j” in Egs. (7) and
(8) represents a class in the causative factors.

Three attribute maps of different landslide cases were
prepared from respective LHI values. With InfoVal method,
LHI values were found to lie in the range from -29.774 to
7.097 for the new landslides case, -15.916 to 5.510 for the
old landslide case, and -16.654 to 5.692 for the all landslide
case. Likewise, with WoE method, LHI values were found
in -15.662 to 8.231 for the new landslides case, -12.483 to
6.769 for the old landslides case, and -13.023 to 6.926 for
the case of all landslides. The ability of LHI values to predict
landslide occurrences was verified using the success rate curve
(Chung and Fabbri 1999), prediction rate and effect analysis
(Van Westen et al. 2003; Lee 2004; Dahal et al. 2008a). The
success rate indicates what percentage of all landslides occurs
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in the classes with the highest value of susceptibility. When
old landslides are used for LHI value calculation and new
landslides are used for prediction, the calculated accuracy
rate is called prediction rate (Van Westen et al. 2003; Lee
et al. 2007) and is most suitable parameter for independent
validation of the LHI values. Effect analysis helps to validate
and to check the predictive power of selected factors that are
used in hazard analysis.

Success rates and effect analyses

The success rate curves of all three maps are shown in Fig.
10. These curves are measures of goodness of fit. To obtain
the success rate curve for each LHI map, the calculated
landslide index values of all pixels in the maps were sorted in
descending order. Then the pixel values in descending order
(maximum to minimum LHI value) were categorized into 100
classes with 1% intervals. The class domain having 100 class
groups and covering high to low LHI value were prepared and
classified LHI maps were prepared with the slicing operation
in ILWIS 3.3. These classified LHI maps (having 100 class
groups) were crossed with the landslide inventory map.
Number of landslide pixels in each class group (from 1% to
100%) was obtained from cross table value. Then, the success
rate curves for both methods were created by plotting class
group (from 1% to 100%) in x-axis and respective value of
landslide pixel percentage in each class group in y-axis. Fig
10A represents success rate of InfoVal method and Fig 10B
represent success rate of WoE method for new landslides, old
landslides and all landslides cases. When InfoVal method was
evaluated for success rate, in the case of new landslides, the
success rate reveals that 10% of the study area where the LHI
had a higher rank could explain 50% of total new landslides in
10% of hazard class. Likewise, 30% of higher LHI value could
explain 89% of all landslides in 30% of hazard class. Similarly,
for the cases of old landslides and all landslides, 30% high LHI
value could explain about 78% of total landslides in 30% of
hazard class.

Fig. 10: (A) Success rate curves of landslide hazard values
calculated with InfoVal method and, (B) WoE method. The
areas under the curve for all three cases were determined
considering a total area under the curve as 100x100 = 10,
000 units. Other details are in text.
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Table 1: Script for weights of evidence method to use in Ilwis 3.3.

//Before using script, be familiar with scripting in Ilwis 3.3.

//Use parameter maps as factor map (%1). All factor map should be in raster format.
//Factor map name should be less than 7 characters long, for example distance-to-fault map can be "disfalt", //Similarly,
curvature map can be named as "curve".

//Make sure that each map should have a domain name and file name same.

//Consider landslide map as main map.

//The landslide map is parameter %2 and It should have "slide" and "unknown" values only in raster format.
// Make a new attribute table and delete existing tables having similar name.

del L%1.*

del w%1.*

del %1.tbt

crtbl %1 %1

//Cross the factor map with the main map

/I The cross table is called L%]1

L%1=TableCross(%1.mpr,%?2.mpr,IgnoreUndefs)

calc L%]1.tbt

//Now, calculate one column in the cross table to indicate only the pixels with landslides.
Tabcalc L% npixslides=iff((%2="slide"),NPix,0)

//Use aggregation function, with or without a key to calculate various parameters.

//Nclass = number of pixels in the class. Sum the values from columns Npix.

//nsldclass = number of pixels with slides in the class.

//Sum the values from columns Npixslides and group them by %].

//nmapslides = number of pixels with slides in the map. Sum the values from columns Npix.
//mslides = number of pixels with slides in the map.

//Sum the values from columns Npixslides and don't group them.

//Results are not stored in the cross table L%]1 but in the attribute table %]1.

Tabcalc L%1 %]1.nclass = ColumnJoinSum(L%1.tbt,Npix,%1,1)

Tabcalc L%1 %]1.nsldclass = ColumnJoinSum(L%1.tbt,Npixslides,%1,1)

Tabcalc L%1 %1.nmap = ColumnJoinSum(L%1.tbt,Npix,,1)

Tabcalc L%1 %]1.nslides = ColumnJoinSum(L%]1.tbt,Npixslides,,1)

//Calculate the four values npix! - npix4. This is done in the attribute table.

//Correct for the situation when Npix1 - Npix3 might be 0 pixels, and change it into 1 pixel.
Tabcalc %1 npix1 =IFF((nsldclass>0),nsldclass,1)

Tabcalc %1 npix2 = [FF((nslides-nsldclass)=0, 1,nslides-nsldclass)

Tabcalc %1 npix3 = I[FF((nclass-nsldclass)=0,1,nclass-nsldclass)

Tabcalc %1 npix4 = nmap-nslides-nclass+nsldclass

//Calculate the weights in the attribute table.

Tabcalc %1 wsplus {dom=value.dom; vr=-10:10:0.00001 }=LN((npix 1/(npix1+npix2))/(npix3/(npix3+npix4)))
Tabcalc %1 wsminus {dom=value.dom; vr=-10:10:0.000001 }=LN((npix2/(npix 1+npix2))/(npix4/(npix3+npix4)))
//Calculate the contrast factor.

Tabcalc %1 Csw = wsplus-wsminus

/[Calculate the final weight.

//The final weight is the sum of the positive weight and the negative weights of the other classes.
Tabcalc %1 WsminSum=aggsum(wsminus)

Tabcalc %1 Wsmap=wsplus+Wsminsum-Wsminus

//Make an attribute map of the final weights.

WL%]1.mpr = MapAttribute(%1,%1.WLmap)

calc WL%]1.mpr

//Calculate the histogram and check total number of pixels in map.

histogram WL%1.mpr

WL%1.his = TableHistogram(WL%1)

show WL%]1 .his
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Table 2: Script for Information value method to use in Ilwis 3.3.

//Before using script, be familiar with scripting in Ilwis 3.3.

curvature map can be named as "curve".

//Consider landslide map as main map.

del L%1.*

del w%1.*

del %]1.tbt

crtbl %1 %1

//Cross the factor map with the main map.

// The cross table is called L%].
L%]1=TableCross(%!.mpr,%2.mpr,IgnoreUndefs)
calc L%].tbt

Tabcalc L%]1 npixslides=iff((%2="slide"),NPix,0)
//Use aggregation function, with or without a key to calculate:

Tabcalc L%1 %]1.nmaptot = ColumnJoinSum(L%1.tbt,Npix,,1)

Tabcalc %1 Dclas = IFF(Densclas=0,0.0001,Densclas)
//Calculate the weights in the attribute table.

//Make an attribute map of the weights.
W% ]1.mpr = MapAttribute(%1,%1.W%1)
calc W%]1.mpr

histogram W%1.mpr
W%1.his = TableHistogram(W%1)
show W%]1.his

//Use parameter maps as factor map (%1). All factor map should be in raster format.
//Factor map name should be less than 7 characters long, for example distance-to-fault map can be "disfalt", //Similarly,

//Make sure that each map should have a domain name and file name same.

//The landslide map is parameter %2 It should have "slide" or "unknown" values only in raster format.
// Make a new attribute table and delete existing tables having similar name.

//Now calculate one column in the cross table to indicate only the pixels with landslides.

//mtotclass = number of pixels in the class. Sum the values from columns Npix.

//nsldclass = number of pixels with slides in the class. Sum the values from columns Npixslides.
//mmaptot = number of pixels in the map. Sum the values from columns Npix.

//mmapslides = number of pixels with slides in the map. Sum the values from columns Npixslides.
//Results are not stored in the cross table L%]1 but in the attribute table %]1.

Tabcalc L%1 %1 .ntotclass = ColumnJoinSum(L%]1.tbt,Npix,%]1,1)

Tabcalc L%1 %]1.nsldclass = ColumnJoinSum(L%]1.tbt,Npixslides,%1,1)

Tabcalc L%1 %]1.nmapslides = ColumnJoinSum(L%1.tbt,Npixslides,,1)
//Calculate the four values density. This is done in the attribute table.
//Correct for the situation when density might be 0 pixels, it can be 0.0001.
Tabcalc %1 Densclas {dom=value.dom; vr=-10:10:0.000001} =
Tabcalc %1 Densmap {dom=value.dom; vr=-10:10:0.000001} =

Tabcalc %1 W%]1 {dom=value.dom; vi=-100:100:0.00001 } =LN(Dclas/Densmap)

//Calculate the histogram and check total number of pixels in map.

(nsldclass/ntotclass)

(nmapslides/nmaptot)

Similarly, When WoE method was concerned, in the case of
new landslides, the success rate reveals that 10% of the study
area where the LHI had a higher rank could explain 50% of
total new landslides in 10% of hazard class. Moreover, 30% of
higher LHI value could explain 88% of all landslides in 30%
of hazard class. Likewise, for the cases of old landslides and
all landslides, 30% high LHI value could explain about 80%
of total landslides in 30% of hazard class. The area under the
curve qualitatively measures the success rate of LHI value.
A total area equal to one denotes perfect prediction accuracy.
Similarly, when the area under the curve is less than 0.5000,
the model is invalid. In this study, area under the curves with
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InfoVal method ranged from 0.8198 to 0.8640. Likewise,
area under the curves with WoE method ranged from 0.8213
to 0.8595. This implies that the success rate of InfoVal and
WOoE methods are more or less same. Analysis of the new
landslide case shows a higher value of success rate than other
two cases. Fig. 11 represents prediction rate of InfoVal and
WoE methods. InfoVal method has prediction rate 78.6%
whereas WoE has prediction rate 79.5%. As mentioned in
earlier section, prediction rate is independent test of hazard
map accuracy and this study suggests that both methods
have quite acceptable accuracy. Effect analyses were also
done to understand the predictive power of factor maps used



Dahal, R. K.

in analysis. Total five combinations of geomorphology-,
geology- and human interventions-related factors were used
in effect analysis. Combinations of only geomorphology-
related factors, geomorphology and geology-related factors,
and geomorphology and human intervention-related factors
revealed higher success rates in both methods.

Hazard zonation map

For the purpose of hazard zonation maps, reference to
prediction rate curves (see Fig. 11) was made and corresponding
values of LHI in classes 30%, 50%, 70% and 90% LHI value
were selected for hazard classification. Total five landslide
hazard classes, very low (less than 30% class of low to high
LHI value), low (30% - 50% class of low to high LHI value),
moderate (50% - 70% class of low to high LHI value), high
(70% - 90% class of low to high LHI value), and very high
(more than 90% class of low to high LHI value, i.e., most
higher LHI values) were established. On the basis of 30%,
50%, 70% and 90% of low to high LHI value calculated from
both methods, two classified hazard maps were prepared for
LHI values of new landslides and illustrated in Fig. 12A and
12B. New landslide case is considered for final hazard maps
preparation, because it has high success rate (see Fig. 10).

Fig. 11: Prediction rate curves of landslide hazard values
calculated from old landslide inventory maps in InfoVal
method and similar prediction rate for WoE method.

Fig. 12: Classified landslide hazard map of the south-western hills of Kathmandu valley after A) InfoVal method and B)

WoE method.

Case 2 - Multivariate Landslide hazard mapping

Study area

The study area is located in the south-eastern hills of the
Nepal Himalaya and belongs to the Sub Himalaya Zone or
Siwalik (see Fig. 7) of the Himalaya. Siwalik, also called as
Churia in Nepal, is the youngest low-altitude mountain in
the Himalayan chain. The average slope and relief of terrain
are high in the western regions compared to other regions of
Nepal. Many parts of the Siwalik are inhabited by relatively
large human population with agriculture and livestock as the
mainstays of livelihood. River valleys, comprised of narrow
tracts of flatland, are extensively used for cultivation and
settlement. The population and livelihood activities are highly
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vulnerable to floods, debris torrents, debris slides and debris
flows from hill-slopes. Obviously, the pressure of the population
and fast-growing development and economic activities on
forest and cultivation is high in the entire Siwalik. Land use
and land cover distribution pattern shows the predominance
of forest in the hill slopes and cultivated land in the plain area.
Considerable patches of cultivated areas also lie on areas of
steep topography, flood and slope failure-prone areas. Over
the last four decades there has been a tremendous change in
land use and land cover, but this change has been less in the
last decade (Ghimire et al. 2008) because of the conversion
of forest areas into cultivated lands. The change was more
pronounced in slopes of Siwalik and inner river valleys. A
significant expansion of cultivated land in steep slopes and in



flood prone areas clearly indicates environmental degradation
and livelihood vulnerability in the Siwalik (Ghimire et al.
2008).

Two typical catchments viz. Charnath and Jalad (Fig. 13)
are selected for the study. Both catchments are located in the
northern part of Dhanusa district of Nepal (Fig. 2).The Jalad
and Charnath are two major river systems originating from the
Siwalik and they are highly disastrous rivers. These catchments
have very fragile lithology and steep topography, predisposing
the landscape to have significant problems of geology and
geomorphology related slope failures. The Charnath River is
about 8 km east from the outlets of the Jalad River in Terai.
Jalad catchment in Churia is north-south elongated where as
Charnath is northwest-southeast elongated.

Geological and geomorphological settings

The study area belongs to the Siwalik Zones. The Siwalik
is made up of geologically very young sedimentary rocks such
as mudstones, shale, sandstones, siltstones and conglomerates.
These rocks are soft, unconsolidated and easily disintegrable.
According to three-fold classifications of Siwalik, it can be
divided into three geological units (Burbank et al. 1996; Ulak
and Nakayama 1999), Lower Siwalik, Middle Siwalik and
Upper Siwalik as per the occurrence of rock types. Lower
Siwalik usually has thin to thickly bedded green to grey
coloured mudstone and siltstone, whereas Middle Siwalik has
thick to very thickly bedded sandstone. The Upper Siwalik
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contains thick beds of loose and fragile conglomerates.

Factors such as the excessive rainfall and human
intervention are the main triggering agents of landslides in
Siwalik. The factors like, groundwater condition, river under
cutting and deforestation on slopes are also facilitating slope
failures. Similarly, Lower Siwalik and Middle Siwalik have
problem from alternating beds of mudstones and sandstone.
In such alternating bands, mudstone can flow when saturated
with water, which results overhanging sandstone beds. Such
overhang jointed sandstone beds are easily disintegrated into
blocks. Similarly, throughout Nepal, the rainfall within the
Siwalik is normally in the range of 2000 to 2500 mm per year
(Ghimire et al. 2008). As a result, geological conditions and the
climate render the Siwalik highly susceptible for landslides.
In the both Jalad and Charnath catchments, the Siwalik can
be divided into two units: Middle Siwalik and Upper Siwalik
on the basis of lithological composition. The Middle Siwalik
consists of alternation of thickly bedded light yellow to light
grey coloured mudstone and light grey coloured sandstone
with subordinate pebbles. The proportion of sandstone and
mudstone is equal on the southern part, while the proportion
of sandstone increases towards upstream of both catchment.

Land degradation is a common problem in fragile and
steep hill slopes of both catchments, where pressure from
human intervention and grazing animal are extensively high.
All transport routes are terribly used only for smuggling
wood from forest. As a result, vicinity of the routes are

Fig. 13: Location map of Jalad and Charnath catchments (map modified from UNDP 2010).
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exceedingly deforested. Debris slides and debris flows are
the major land degradation processes in the both catchments.
Charnath catchment is relatively densely populated than the
Jalad catchment. In Nepal, landless population is high in the
northern Lesser Himalayan Zone and migration to the southern
Siwalik Range is a common problem. Both catchments have
same problem of migration and improper agricultural practices
make both catchments highly vulnerable to landslides.

The stream channels are narrowed and meandered showing
cliffs formed by bank cuttings on their concave banks. The
river width is relatively higher in upstream than downstream.
The sediment thickness of channel lag on the riverbed is not
more than 10 m, while in some places, the river flows over
the bedrock. Main geological difference in Jalad and Charnath
is on the coverage of Upper Siwalik (loose conglomerate).
The nearly half portion of Jalad catchment has Upper Siwalik
where as Charnath has Upper Siwalik only in upper reaches.
As a result, there are fewer amounts of gravels in Charnath
river bed in comparison to the Jalad river bed.

Logistic regression model

In this study, logistic regression model was used to assess
landslide hazard indexes. Logistic regression can be used to
determine the relation of landslide occurrence and the related
factors (Guzzetti et al. 1999; Dai and Lee 2002; Ohlmacher
and Davis 2003; Lee 2005; Ayalew and Yamagishi 2005; Zhu
and Huang 2006; Chen and Wang 2007; Akgiin and Bulut
2007; Chauhan et al. 2010). It is useful when the outcome
variable or dependent variable is binary or dichotomous. The
dependent variable for this analysis is the absence or presence
of a landslide.

Considering n independent variables x, x,, X,
affecting landslide occurrences, the vector X = (x, X,, X,,
, X,) has been defined. In logistic regression analysis, the logit
y is assumed as a linear combination of independent variables

and is given as follow.

y:b0+b1x1+b2x2+b3x3+ _______ +b‘ ....................... (9)
Where, b, is the constant of the equation, and b , b, ..., b_are
the coefficients of independent variables, X , X,, X, ...... ,X . For

landslide hazard assessment, the dependent variable is a binary
variable, with values of 1 or 0, representing the presence or
absence of landslides. Quantitatively, the relationship between
the occurrence and its dependency on several variables can be
expressed as follow (Hosmer and Lemeshow 2000).

Where, P is the estimated conditional probability of landslide
occurrence and e is the constant 2.718. From equation 9 and
equation 10, a relationship can be obtained in which the natural
logarithm of the odds, log(P/1-P), is linearly related with the
independent variables as follow.

.............

log (%—P)z by +b,x, +byx, +byx, +

The goodness of fit of the model was tested with the Wald
statistics and Hosmer-Lemeshow test (Hosmer and Lemeshow
2000). By examining the sign of a dependent variable’s
coefficient estimate, the effect of that variable on the probability
of landslide occurrence can be determined. These values were
utilized to decide final landslide hazard index (LHI) of the
Jalad catchment of the study area.

Data preparation

The main steps for landslide hazard mapping are data
collection and the construction of a spatial database, from which
relevant causative factors were extracted. This is followed
by assessment of the landslide hazard using the relationship
between landslides and causative factors, and the subsequent
validation of results. A key feature of this method is that the
probability of landslide occurrence will be comparable with
observed landslides.

For the modelling logistic regression, a number of thematic
data of causative factors have been identified, including 1)
slope, 2) slope aspect, 3) distance to drainage, 4) wetness
index, 5) sediment transport index, 6) relief, 7) distance
to transportation route, 8) curvature, 9) geology, 10) land
cover, and 11) mean annual rainfall. Topographic maps and
aerial photographs provided by the Department of Survey,
Government of Nepal were considered as basic data sources
for generating these layers. Field surveys were carried out for
data collection and to prepare data layers of various factors.
Landslide distribution maps of both catchments were also
prepared in the field. These data sources were used to generate
various thematic layers using the GIS software ILWIS 3.7.
Brief descriptions of the preparation procedure of each data
layer are provided here.

Landslide characteristics and inventory maps

A landslide inventory map shows the location of discernible
failures. Two landslide inventory maps for Jalad and Charnath
catchments were prepared. However, a detailed landslide map
was prepared for the Jalad catchment and only recent locations
of landslides were mapped in the Charnath catchment.
Only scars (main failure portion) were used to delineate the
landslides. With the use of field data and satellite image, 426
landslide scars were delineated in the Jalad catchment. Satellite
image PRISM (Panchromatic Remote-sensing Instrument
for Stereo Mapping) has 2.5 m resolution and very useful to
recognise landslide image even from visual interpretation. The
landslide scars mapped in field were again revised with PRISM
data and final Landslide inventory maps were prepared for
both catchments. All landslides were used to assess landslide
hazard index from logistic regression modelling. Finally, to
check the predictive power of model in all possible aspects
of both models, the LHI of each class of causative factors
estimated from the Jalad catchment was used for same class of
causative factors in Charnath catchment. Moreover, prediction
rates of the model were evaluated from landslide inventory of
Charnath catchment. The inventory maps of both catchments
are given in Fig. 14.



Geological map

Geology plays an important role in landslide susceptibility
and hazard studies because different geological units have
different susceptibilities to active geomorphological processes
of the Himalaya. Sandstone, mudstone, siltstone and gravel
conglomerate are main rocks of the selected catchments
and they belong to the Lower and Upper Siwalik groups.
For the geological map preparation, previous studies (DMG
2004; Ghimire et al. 2008) were consulted and boundaries of
geological formations were checked in field visit and modified
as per the field observations.

Geomorphology related causative factors

DEM was prepared with digital contour data (1:25,000
scale) obtained from the Department of Survey, Government
of Nepal. The DEM of study area was prepared in 10 m x 10
m pixel size. From this DEM, geomorphological thematic data
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Fig. 14: Landslide inventory of a. Jalad catchment and b.
Charnath catchment.

layers like slope, aspect, relative relief, distance to drainage,
sediment transport index and wetness index were prepared.

Slope and Aspect

Slope classification was based on the slope angles of more
than 70 landslides measured in the field. Field measurement
signified that most of the landslides occur at slope angle
between 15° and 30°. Thus, total seven classes, <5°, 5° to 10°,
10° to 15°, 15° to 20°, 20° to 25°, 25° to 30°, >30° were used
to prepare slope map. Aspect is referred to as the direction of
maximum slope of the terrain surface. For the study area, it
was divided into nine classes, namely, N, NE, E, SE, S, SW,
W, NW and Flat. Both slope and aspect maps were prepared in
ILWIS 3.7 from DEM.

Relief

In this study, relative relief is computed as the difference
between the maximum and minimum elevations within the
given class of elevation. The relief was sliced into six classes
at 50 m elevation difference.
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Distance to drainage

Location of the landslide from stream was considered as
another geomorphology related causative factor. Subsequently,
a distance to drainage map was generated as per the field
identification that slope failure may be more frequent along
stream, due to groundwater movement towards stream and toe
undercutting. In order to produce the map showing distance
to drainage, the drainage segment map was rasterised and the
distance to the drainage was calculated in meters. The resultant
map was then sliced into 6 classes. The six classes were 0 m
to 20 m, 20 m to 40 m, 40 m to 60 m, 60 m to 80 m, 80 m to
100 m, >100 m.

Curvature, Sediment transport index and Wetness index

Following rainfall events, water flows from areas of convex
curvature and accumulates in areas of concave curvature. This
process is known as flow accumulation and is a measure of the
land area that contributes surface water to an area where water
can accumulate and those locations are likely to have a high
slope failure incidence.

Other three slope morphology related parameters namely:
sediment transport index, wetness index and curvature were
considered for slope morphology related parameter study.
Sediment transporting process is enhancing slope failure
mechanism extensively in Siwalik. Sediment transport
index accounts for the effect of topography on erosion. The
planimetric catchment area is used to calculate this index.
The wetness index sets catchment area in relation to the
slope gradient. An idea of the spatial distribution of zones of
saturation can be obtained from wetness index (Moore et al.
1991).

Distance to transport route

In the study area, road access was prime factor of forest
degradation. As a result, many landslides are prominent in the
degraded forest area. Every day, wood smuggling is increasing
and along the transport route, forest is also declining. Thus,
distance to road map was generated as per the hypothesis that
landslides may be more frequent along roads and trails, owing
to excessive forest declination along the roads and trails.

Land cover map

More than 90% the study area is covered by forest. To
interpret land cover of the area, Normalized Difference
Vegetation Index (NDVI) was considered and the NDVI map
was obtained from Landsat TM satellite image acquired on 1
November 2005. The NDVI value was calculated using the
NDVI = (IR — R)/(IR + R) formula, where IR is near-infrared
band image and R is red band image of Landsat TM. The NDVI
value denotes areas of vegetation in an image. The presence
of dense green vegetation implies high NDVI values, due to
high concentration of chlorophyll resulting in a low reflectance
in the red band as well as due to the high stacking of leaves.
Sparse vegetation, on the other hand, implies low NDVI values.
Likewise, water, and clouds have larger visible reflectance than
near-infrared reflectance. Thus, these features yield negative
index values. Rock and bare soil areas have similar reflectance
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in the two bands and result in vegetation indices near zero.
To prepare categorical thematic layers of NDVI for Jalad and
Charnath catchments, the cumulative frequency curve of NDVI
values has been segmented into five classes representing equal
distribution to yield five NDVI classes 0%-20%, 20%-40%,
40%-60%, 60%-80%, and 80%-100%

Rainfall map

Rainfall is an extrinsic variable in hazard analysis, and the
spatial distribution of mean annual rainfall is commonly used
in this statistical hazard analysis (Dahal 2008a; Regmi et al.
2010). Rainfall stations around the study area were used to
prepare mean annual rainfall map. The spatial distribution of
rainfall was calculated through the application of the inverse
distance squared method in ILWIS 3.7. The resulting map was
sliced to give a raster map with four classes having a <1,500
mm, 1,500 mm-1,550 mm, 1,500 mm-1,600 mm, and >1,600
mm for the Jalad catchment and <1,450 mm, 1,450 mm-1,500
mm, 1,500 mm-1,550 mm, and >1,550 mm for Charnath
catchment. All the data layers such as slope, slope aspect,
distance to drainage, wetness index, sediment transport index,
relief, distance to transportation route, curvature, geology,
NDVI, and mean annual rainfall of both catchments are given
in Fig. 15 and Fig. 16.

Analysis and results

In this study, data from all over the study area (Guzzetti et
al. 1999) was used for logistic regression modelling. In this
study the causative parameters were categorised into various
classes and each parameter was nominal variable. So these
variables were converted to a nominal to a numeric by coding.
For this purpose, the landslide density (Carrara 1983) was used
to transform nominal variable to numeric variable.

The landslide density is used to transform nominal variable
to numeric variable. It avoids the creation of an excessively
high number of dummy variables. Following formula was used
to calculate the densities of landslide in each class of causative
factors.

Where, LD is landslide density, ci is the area of ith class
of a factor (such as slope class 10° to 15°), li is landslide area
within ith class of a factor (such as slope 10° to 15°), n is the
total number of a certain factor. Then the parameter maps were
overlaid with the landslide inventory map to calculate landslide
densities based on equation (12). All the classes of causative
factors were converted to numerical variable landslide density
as shown in Table 2. The domain of landslide inventory map
was changed from landslide present and landslide absent
to numerical variables 1 (for landslide present) and 0 (for
landslide absent). All spatial databases of causative parameters
and landslide inventory were exported to statistical package
(SPSS) and logistic regression analysis was performed for the
Jalad catchment. In addition, logistic regression formulae were
created.
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Fig. 15: Various data layers of Jalad catchment prepared for multivariate analysis.
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Fig. 16: Various data layers of Charnath catchment prepared for multivariate analysis.

All data are used in the logistic regression modelling and
the overall model statistics of the regression conducted in this
study is given in Table 3. Hosmer-Lemeshow test showed that
the goodness of fit of the equation can be accepted because the
significance of chi-square is 0.122. In Hosmer-Lemeshow test,
if significance of chi-square value is less than 0.05, the logistic
regression model could not be accepted (Zhu and Huang 2006;
Chen and Wang 2007). The value of Cox and Snell R2 and
Nagelkerke R2 showed that the independent variables can
explain the dependent variable in an acceptable way. Similarly,
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ROC (Receiver Operating Characteristics) value of the model
is 0.795. For the valid regression model, ROC value should be
greater than 0.5 (Hosmer and Lemeshow 2000). Significance
of the Wald statistic for all causative factors is less than 0.05
and it confirms that independent variables have significantly
predicted the outcome. From the logistic regression modelling
of Jalad catchment, following logistic regression equations
was obtained.

log(P/1-P) =-11.860 + (4.736 x Slope) + (8.059 x Aspect)
+ (0.696 x Curvature) + (2.499 x Relief) + (8.485 x Distance



to Drainage) + (7.630 x NDVI) + (3.656 x Transportation
Route) - (0.39 x Geology) + (2.107 x Wetness Index) -
(2.696 x Sediment Transport Index) + (2.576 x Rainfa
|1 (13)

The factors given in the equation (13) represent the
landslide density values. For application of model in the
Charnath catchment, value of landslide density of each class
of all causative factors calculated from the Jalad catchment
were replicated in the Charnath catchment and equation (10)
was applied to estimate hazard probability of the Charnath
catchment after logistic regression modelling. Here also, special
consideration was made for NDVI and rainfall parameters. For
NDVI, equal distribution class (0%-20%, 20%-40%, 40%-
60%, 60%-80%, and 80%-100%) of Jalad catchment were
considered as same class of NDVI parameter in Charnath
catchment. For the rainfall, landslide density of <1,500 mm,
1,500 mm-1,550 mm, 1,500 mm-1,600 mm, and >1600 mm
estimated from the Jalad catchment were replicated for classes
<1,450 mm, 1,450 mm-1,500 mm, 1,500 mm-1,550 mm, and
>1,550 mm of Charnath catchment. Here also, this assumption
was made as per the fact that consequences of higher range of
rainfall for landsliding are same in both catchments. Moreover,
slight difference of rainfall value range (50 mm) in the rainfall
classes certainly will not introduce a huge uncertainty in the
result.

VALIDATION

The landslide hazard index maps of Charnath catchment
after logistic regression modelling was prepared without any
consideration of previous landslides occurrences in Charnath
catchment. To understand its accuracy and to validate logistic
regression modelling, the map was used to estimate prediction
rate. In the science of landslide hazard and susceptibility
analysis, success rate and prediction rate are used to validate
hazard or susceptibility indexes (Chung and Fabbri 1999; van
Westen et al. 2003; Lee et al. 2007, Lee 2004, Dahal 2008a,
Dahal 2008b, Regmi et al. 2010, von Ruette et al. 2011).
The success rate indicates what percentage of all landslides
occurs in the classes with the highest value of hazard. As
mentioned in earlier section, when old landslides are used for
LHI calculation and new landslides are used for prediction, the
calculated accuracy rate is called prediction rate. In this study,
instead of using new landslides of same area (Jalad catchment),
landslides from a different area (Charnath catchment) was
selected for estimation of prediction rate.

A ROC (Receiver Operating Characteristics) curve
approach is used to analyze the prediction accuracy of the
proposed models. The ROC value is measure of success rate
and prediction rate usually obtained from ROC curve. These
ROC curves give area under the curve and it is a measure of
goodness of fit. The ROC curves of Jalad catchment account
the success rate of the models (Fig. 17a), whereas ROC curves
of the Charnath catchment (Fig. 17b) depict prediction rate
of the models. From the ROC curve, the success rate and
prediction rate of logistic regression model were 0.795 and
0.749, respectively.
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Landslide hazard zonation maps

From the independent evaluation of accuracy of the
logistic regression models in the Siwalik for landslide hazard
assessment, it was found that logistic regression model had
acceptable accuracy. Considering the prediction rate of logistic
regression from ROC curve, five landslide hazard classes were
defined: very low (< 30% class of low to high LHI value), low
(30% - 50% class of low to high LHI value), moderate (50% -
70% class of low to high LHI value), high (70% - 90% class of
low to high LHI value), and very high (> 90% class of low to
high LHI value, i.e., most higher LHI values). Then, landslide
hazard zonation maps after logistic regression modelling of
both catchments were prepared (Fig. 18).

Fig. 17: Success rate and prediction rate of the model. a. is
success rate of the modelling resulted from Jalad catchment
and b. is prediction rate of modelling after replication of
LSI value in Charnath watershed.

CONCLUSION

In this paper, a brief discussion about landslides hazard
and susceptibility analysis methods are performed. Although,
various methodologies have been proposed for landslide
susceptibility and hazard mapping; in this paper, three
statistical methods, namely weights-of-evidence modeling,
information value modeling and logistic regression modeling
are described with three case studies. Landslides hazard
and susceptibility replication procedures are also described
with an illustration. In many approach of modelling in GIS,
model is always employed in only one area. The approaches
used in that model, when employ in other area, there is very
few chance of success to get best result. This usually happen
because there is lack of similarity of intrinsic variables in the
selected sites. But, in this paper, landslide hazard mapping in
two catchments of different area shows landslide hazard index
can be replicated also. Likewise, the approaches of GIS-based
statistical modelling of landslide hazard and susceptibility
can give good results even in catchment scale mapping, if the
analysis is performed in field oriented data.

Statistical modelling based on weights-of-evidence
modelling and information value methods are also described
with an example from the Lesser Himalayan region of Nepal.
The landslide hazard value estimated from different time-based
landslide data and eleven factor maps reveals more or less a
similar degree of accuracy ranging from 80% to 86%. In many
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Fig. 18: Landslide Hazard maps of Jalad catchment and Chartnath catchment after the logistic regression modeling.

approaches to weights-of-evidence modelling of landslide
hazard or susceptibility assessment in GIS, the model validation
process is always dependent on the trained landslide data and
the same landslide data are used for verification. In contrast, in
this work the model was also verified independently with time-
based new landslide data and results are very promising, with
independent prediction rates of 80% accuracy. This validates
bivariate statistical modelling for landslide hazard assessment
for the Lesser Himalayan region.

JTC-1 has suggested that a landslide hazard map should
consider landslide magnitude probability or distribution
probability or temporal variation probability (Fell et al. 2008),
However, in this paper, an event based landslides are considered
as proxy parameter for temporal variation probability and
landslide hazard zonation map was prepared with field and
DEM based data.

The vigorous evaluation of predictive factors used in
statistical modeling suggests that the role of geomorphology
and human intervention-related factors is very significant for
landslide processes. The probability values estimated in this
kind of predictive modelling are not absolute and represent a
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relative degree of hazard or susceptibility. However, they can
provide an appropriate and valid measure of landslide initiation
locality on slopes. Likewise, the methodology seems to have
extensive applicability in the mountainous terrain of the
Himalaya, with the limitation that knowledge of past landslide
information affects the final probability values calculated by
the model.
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