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ABSTRACT

Landslides are one of the natural threats that cause loss of life and destruction of property
in Ethiopia. This study was conducted in the Maze watershed in the Gamo zone, southern
Ethiopia. The objective of this study was to assess and map the landslide susceptibility of
the area using frequency ratio and analytic hierarchy process (AHP) approaches. To
achieve this objective, landslides inventory data and their causative factors were identified.
About 793 landslide polygons were collected by using remote sensing and field
observations. These landslide inventory datasets were classified into two datasets,
landslide training dataset (70%) for mapping landslide susceptibility and validation
landslide dataset (30%) for validating landslide susceptibility maps. Ten landslide
causative factors were selected for this study including slope, aspect, curvature, lithology,
land use/land cover, normalized vegetation index and distance to fault, distance to river,
and distance to road. The landslide susceptibility map was produced by superimposing the
weights of all landslides causative factors using the raster calculator in the spatial analysis
tools in Arc GIS. The final landslide susceptibility map is reclassified into susceptibility
classes of “very low,” “low,” “moderate,” “high,” and “very high” using both frequency
ratio and analytical hierarchy process approaches. The results of the landslide
susceptibility map created using the frequency ratio approach show that the very low, low,
medium, high, and very high susceptibility classes account for 25%, 20%, 18%, 18%, and
19% of the area, respectively. The landslide susceptibility map created by the analytical
hierarchical process approach shows that the very low, low, medium, high, and very high
susceptibility classes cover 3%, 7%, 26%, 36%, and 28% of the area, respectively. Both
susceptibility maps were validated using the area under the receiver operating
characteristic curve. The AUC results for the frequency ratio and analytical hierarchy
process approaches were 0.873 and 0.87 for success rates, respectively, and 0.81 and 0.80
for prediction rates, respectively. Therefore, the landslide susceptibility map using the
validation dataset provided acceptable results. These maps will play an important role in

land use planning efforts.

Key word: Analytical Hierarchy Process, Causative Factors, Frequency Ratio, GIS,

Landslide, Susceptibility Maps
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1. INTRODUCTION

1.1 Background

Earth being dynamic, the surface of the earth is always under change due to various geo-
processes causing natural hazards and threat to mankind worldwide (Firomsa and Abay,
2019). Landslides are one of the destructive natural hazards that commonly lead to serious
problems, especially in hilly and mountainous regions (Berhane and Tadesse, 2021).
Ethiopia is one of the mountainous countries which are characterized by a steep slope, deep
gorge; frequent fault escarpment, highly weathered rock, and intensive and prolonged
rainfall (Wubalem, 2021). All those conditions are favorable for the occurrence of slope

movements after rainy seasons in most parts of the country as (Woldearegay, 2013).

Factors that cause these landslides include unfavorable geological conditions, heavy
rainfall, seismic activity, and human factors such as deforestation, urbanization,

uncontrolled agricultural activities, construction, etc. (Anis et al., 2019).

In order to minimize this landslide disaster, different scientists conducted different levels
of research in different landslide-affected countries (Beza, 2021; Addis, 2023). With the
development of more advanced qualitative and quantitative methods and GIS data
processing techniques, many studies can be conducted effectively, and as a result, landslide
susceptibility, hazard, and risk assessment have attracted the attention of many researchers
(Pham et al., 2015).

Landslide activity in Ethiopia mainly occurs in the north, northwestern, central,
southwestern, and rift valleys due to the presence of complex geomorphological,
hydrological, geological, active geodynamic processes and unplanned land use practices
(Woldearegay, 2013).

The current study area is found in Maze catchment, Gamo zone, Southern Ethiopia. This
area is highly susceptible to landslide problems with the occurrence of many active
landslides in the last few decades which extensively damaged different infrastructures and
farmlands in which the magnitude of the problem is alarming and the vulnerability of the
people’s lives and property from landslides needs special attention and so far, the area has

not been studied before in a greater level of detail.

Anthropogenic activities have been increasing in the study area, resulting in the instability
of natural slopes. In addition to this landslide occurrence is very frequent in the study area

due to the area found within the part of Ethiopian highlands and therefore, there is a need
1



for the preparation of a landslide susceptibility map for the region which can be used by

planners and engineers.

1.2 Statement of the problem

Landslide is the most frequently occurring geo-hazard in mountainous regions of the
world. It affects human lives, infrastructure, landscapes, and human property as well as
their day-to-day activities. In the current study area which is found in the Gamo Zone of
southern Ethiopia, recurrent landslide hazards have occurred. To minimize this landslide
hazard on human life and their properties, landslide assessment and mapping is an
important Step for environmental planning. ldentifying the causative factors will help to
decipher different types of slope failure, failure mechanisms and prepare the landslide

susceptibility maps.

1.3 Research Question

» How can the temporal and spatial distribution of landslides be effectively
represented in the inventory map?

» How does the relative influence of different causative factors vary across different
spatial scales and landslide types?

» How do different types of landslides relate to specific failure mechanisms and
causative factors?

» How can the spatial and temporal variability of these relationships be incorporated
into landslide and assessments?

» How can the cost-effectiveness, environmental impact, and social acceptability of

different remedial measures be evaluated?

1.4 Objectives
1.4.1 General objective
The main objective of this study is to assess and map the landslide susceptibility of the area

using frequency ratio and analytical hierarchy process approaches.

1.4.2 Specific objectives
» To prepare a landslide inventory map.
To identify different causative factors and characterize their influencing classes.
To identify the mechanisms and types of failure.
To characterize the relationships between landslides and the causative factors.

YV V V V

To give the recommendation for remedial measures.

2



1.5 Significance of the study

Land sliding is a worldwide problem that probably results in thousands of deaths and tens
of billions of dollars of damage each year, these landslides which claimed many casualties
have also affected much of the farmlands and damaged the economy of the poor farmers.
This led to considerable concern among the local Authorities as well as the population
about the stability of the slopes in the area much of this loss would be avoidable if the
problems were recognized early. This work is very important to make awareness to the
local people and decision-makers. In terms of proper land use planning, various

engineering work designs and civil protection - programs for various future projects.

1.6 Limitation

Notable limitation in this study was the absence of important causative factor maps, ideally
at a scale of 1:50,000. Specifically, the unavailability of key maps of the lithological map.
Additionally, the discontinuous record of rainfall stations from the national metrological
agency of Ethiopia data introduced further constraints in this study to mapping triggering

causative factor.

1.7 Organization of the thesis

The whole thesis is divided into five chapters. The first chapter lays the background of the
study providing a general introduction to the research work including the statement of the
problem, research questions and objectives, the significance and limitations of the study
were also highlighted. The second chapter covers a literature review and presents the
relevant work that has been done by many other scholars. In the third chapter, information
about the chosen study area is given and how the several data layer maps are generated,
also outlining the methodology of carrying out the task and the data sources utilized.
Fourth chapter presents the findings of this research work and a detailed discussion of the
results obtained. Finally, in the fifth chapter, a conclusion is drawn based on the results
obtained and recommendations are generated for the possibilities of future researchers.



2. LITERATUREREVIEW

2.1 Landslides

Landslides are the down slope movement of rock, debris, or earth (Addis, 2022). This term
encompasses various types of mass movements on slopes, including rock falls, topples, and
debris flows (Varnes, 1984). Landslides occur when the weight of the slope material
exceeds the shear resistance of the soil. The driving force behind landslides is gravity,
which pulls everything towards the Earth's center. Consequently, materials on slopes are
more susceptible to landslides than those on flat areas (Nelson, 2010).

2.2 Types of landslides
There are many ways to categorize landslides, but some of the most common types based

on movement and material include:

Falls: sudden downward movement of rock or debris, often along cliffs or steep slopes
(Highland and Bobrowsky, 2008).Detachment of elevated rock masses from cliffs or
slopes, usually along existing cracks or weaknesses (Collins and Stock, 2016; Matasci et
al., 2018).In this type of movement, the detached materials move by bouncing, falling or
rolling (Hungr et al., 2014) (Figure 2.1). In such, type of failure there is no interaction
between one failure and the next failure and it is fast down ward movement of slope

material.

Topples: Unlike the rapid tumbling of rock falls, this type of landslide involves the gradual
tilting and outward movement of large rock blocks as they rotate around a fixed point near
the slope's base (Figure 2.1). Destabilization of the rock mass can occur through the
infiltration of gravity, ice, or water into existing cracks and weak zones. The pace of this
movement can vary dramatically, from explosively fast to almost imperceptibly slow
(Highland and Bobrowsky, 2008).

Slides: downward sliding of a mass of rock or soil along a distinct surface. This can be
further categorized as: Rotational slides: The sliding mass rotates about a curved surface

and Translational slides: The sliding mass moves along a relatively planar surface.

In translational slides, the material moves mainly downhill along a flat or slightly
inclined surface, with minimal rotation or tilting back towards the slope (Figure 2.1). This
type of landslide exhibits straightforward downward movement with minimal twisting or
backward motion (USGS, 2004).



Rotational slides: a spoon-shaped rupture surface curving upwards (Varnes, 1978) (Figure
2.1); this landslide type involves a rotating movement around an axis parallel to the ground
and across the slide's width. Unlike translational slides, rotational slides lack major tilting
or backward movement. The driving force is often the slope materials own weight
exceeding its internal strength (USGS, 2004).Both rotational and translational slides,
primarily affecting loose and un compacted soils, exhibit a wide range of movement
speeds, from barely perceptible creeping to fast-paced slumps. While slower slides
typically pose little threat to life, they can cause significant structural damage (Highland
and Bobrowsky, 2008).

Lateral spread: Unlike most landslides, lateral spreads occur on surprisingly gentle slopes
or even flat terrain (Figure 2.1). Instead of tumbling downhill, the ground stretches and
fractures due to a phenomenon called liquefaction. This happens when loose, sandy, or
silty sediments become saturated with water and essentially turn into liquid. This "liquid
landslide” then spreads laterally, often causing significant damage to shallow foundations
of infrastructure like pipelines, utilities, bridges, and roads (Highland and Bobrowsky,
2008).

Flows: Landslides classified by flow type fall into four main categories, each defined by its

material composition and movement speed (Figures 2.1):

Debris flow: Dominated by water-saturated, fine-grained materials, these fast-moving
landslides rush down slope, leaving a basin-shaped depression (USGS, 2004).

Debris avalanche: Similar to debris flows but involving larger rock fragments and debris,

these high-speed movements often follow steep channels.

Creep: The slowest type involves the gradual, imperceptible downhill movement of soil

and rock over time.

Earth flow: A slow-moving flow of saturated, unconsolidated soil forms a tongue-shaped

mass.
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Figure 2.1 Classification of type of landslides (modified after VVarnes (1978))

2.3. Landslide Inventory

Landslide inventories are crucial for mathematical modeling and validating final outputs.
They contain information about landslide locations, areas, activity, and dates (Guzzetti et
al., 2012). The complexity of landslide inventories varies depending on the study's

requirements. The landslide inventory map rules supremely as the most crucial data layer



for understanding and predicting future landslides. It carefully documents past occurrences,
pinpointing locations, types, activity status, date (if known), and even damage caused
(Corominas and Mavrouli, 2011). This detailed record serves as the bedrock for
quantitative and qualitative analyses of landslide susceptibility, hazards, and risks.
Landslide inventories are the rudimentary yet powerful chronicles of past events, forming
the foundation for the adage "past is the key to the future™ in landslide studies (Michael and
Samanta, 2016). By meticulously recording locations, types, and dates of landslides, these
maps provide the cornerstone information for both quantitative and qualitative risk
assessments, paving the way for effective mitigation strategies. They are compiled from
existing literature, Google Earth, and field visits by using handled GPS (Addis, 2023).

2.4 Causative factors of landslides

Landslide susceptibility maps are based on the complex relationship between landslide
events and their triggering factor (Shano et al., 2021). The factors considered for landslide
susceptibility assessment are chosen based on literature reviews and thorough field
observations. In landslide susceptibility mapping, there is no established rule for selecting
which factors to include; rather, the selection depends on the area's characteristics and data
availability (Ayalew and Yamagishi, 2005).

2.4.1 Geological Factor

2.4.1.1 Lithology

Lithology encompasses the composition, fabric, texture, and other characteristics that
influence the physical or chemical behavior of rocks and engineering soils. The probability
of landslides is higher when rock formations are loose and fragile. Different rock types, or
lithologies, exhibit varying compositions and structures, which contribute to their material
strength. Kanungo et al. (2009) noted that stronger rocks offer greater resistance to driving

forces compared to weaker rocks, making them less susceptible to landslides.

2.4.1.2 Structures

Geological structures significantly impact slope stability conditions. Marden et al. (1992)
elaborated on the influence of geological structures on slope stability, stating that down
slope dipping planes separating rocks of varying competence or alteration, along with
joints and fractures aligned in the same direction, can hinder vertical infiltration and root

penetration, while also serving as potential failure planes. Therefore, as evidenced by



various studies, the influence of rock structures (bedding planes, folds, joints, and faults)

plays a crucial role in the stability of natural hill slopes.

2.4.2 Aspect

Aspect, defined as the direction of the steepest slope inclination (Xu et al., 2012), plays a
crucial role in landslide initiation through its influence on moisture retention and
vegetation cover (Raghuvanshi et al., 2015). This orientation, typically expressed in
degrees ranging from 0° to 360° (Mersha and Meten, 2020), can significantly impact a
slope's vulnerability to landslides. According to Huang et al. (2015), aspect, the direction a
slope faces, significantly influences landslide occurrence by controlling the slope's

exposure to sunlight, cold and hot winds, and precipitation.

2.4.3 Slope

Slope angle, the steepness of a slope, is a crucial factor in landslide occurrence, as it
influences the concentration of moisture and pore pressure within the slope material
(Ayalew and Yamagishi, 2005). As the slope angle increases, the parallel component of
gravity increases, while the perpendicular component decreases, making steeper slopes
more susceptible to failure (Huang et al., 2015). Slope angle also plays a role in regional
hydraulic continuity, influencing the movement of water across larger areas. In the study,
the slope gradient was derived from digital elevation model (DEM) data with a spatial

resolution of 30 meters by 30 meters.

2.4.4 Curvature

Curvature, a measure of how slope inclination changes in a specific direction, is influenced
by both hydraulic conditions and gravity. It can manifest as convex, concave, or flat
terrain. Concave slope curvature promotes groundwater accumulation, which can
destabilize slopes. Conversely, convex slope curvature facilitates erosion, which can also
contribute to slope instability (Riaz et al., 2018; Wubalem, 2021).

2.4.5 Distance from Stream

Distance from streams is a crucial factor in determining landslide susceptibility,
particularly when streams undercut slope bases (Che et al., 2011). Rivers with extensive
drainage networks pose a greater landslide risk due to their ability to erode slope bases and
saturate slope-forming materials (Necdet, 2011).Landslide susceptibility was positively
correlated with decreased distance from streams (Celek, 2019).



2.4.6 Distance from Lineament

Lineaments are linear features on the Earth's surface that represent zones of weakness or
fracturing in the underlying rock or soil (Michael and Samanta 2016). They can be caused
by a variety of geological processes, such as faulting, folding, or erosion. Lineaments can
significantly affect the stability of slopes by influencing the permeability of the surface
material, which in turn affects the flow of water and other fluids (Michael and Samanta
2016).According to Pradhan and Lee (2007) and llek (2019), the potential of a landslide
increases as the distance from lineaments decreases. Lineaments of the study area can be

prepared from Google Earth image interpretations and field surveys.

2.4.7 Land Use and Land Cover (LULC)

Land use and land cover (LULC) changes are widely acknowledged as one of the most
significant factors influencing the occurrence of rainfall-triggered landslides globally
(Mersha and Meten, 2020). Human activities such as deforestation, overgrazing, intensive
farming, and cultivation on steep slopes can alter LULC patterns, leading to slope
instability and increased landslide risk (Glade, 2003). Barren slopes, devoid of vegetation
cover, are particularly susceptible to landslides due to the absence of plant roots that help
bind soil particles together and reduce erosion. Vegetation also intercepts rainfall,
decreasing the amount of water that infiltrates the soil and contributing to slope instability
(Gomes et al., 2005). According Prandini et al. (1977) and Greenway (1987), vegetation
with deep and extensive root systems positively impacts shallow debris and earth slides by
enhancing soil strength through root network reinforcement and buttressing slope masses

via root anchorage to the underlying bedrock.

2.4.8 Normalized Differentiation Vegetarian Index (NDVI)

The vegetation index is also considered an influencing factor in landslide susceptibility
assessment studies (Tseng et al., 2015). NDVI was used in this study to reflect the
vegetation density. In general, the value of NDVI ranged from -1 to 1; the higher the value

of NDVI the denser the vegetation covers.

The Normalized Difference Vegetation Index (NDVI) conditioning factor was calculated

from Sentinel-2 satellite imagery with a spatial resolution of 10 meters using Equation (1):
NDVI=(IR-R)/ (IR +R) (1)

Where, IR is the reflectance in the infrared band and R is the reflectance in the red band



2.4.9 Triggering factors

Information related to triggering factors generally has more temporal than spatial
importance, except when dealing with large areas on a small mapping scale. This type of
data is related to rainfall, temperature and earthquake records over sufficiently large time
periods, and the assessment of magnitude-frequency relations. Rainfall and temperature
data are measured in individual meteorological stations (Corominas and Mavrouli,
2023).Human activities such as the construction of roads cutting slopes and clearing of
land can be triggering factors of landslide (Sideng, et al., 2018). But in this research

rainfall data is the most triggering factor of landslide over the study area.

2.4.9.1 Rainfall

Precipitation affects slope stability in many ways. First, precipitation affects rock
formations hence the likelihood of slope failure. Secondly, precipitation increases the
amount of water in surface soils which can increase the likelihood of landslide events.
Precipitation increases the saturation level of surface soils, which increases pore water
pressure in the voids between soil particles. This increase in pore water pressure decreases
the friction and cohesion between soil particles and may lead to shallow seated landslides
and debris flows (Musinguzi and Asiimwe, 2014).

2.5 Landslide Susceptibility Mapping Techniques

Landslides pose a major threat in various regions globally, necessitating swift methods for
assessing slope stability. To identify areas with varying landslide susceptibility levels,
several analysis techniques exist (Anbalabgan, 1992). These methods can be categorized as
expert-based (qualitative), statistical, or deterministic (quantitative) approaches (Leroi,
1997; Fall et al., 2006).

2.5.1 Qualitative evaluation technique

This technique is a qualitative approach classified into two types: inventory mapping and
heuristic (geomorphic) analysis (Fall et al., 2006). Inventory mapping identifies past
landslide locations and records their details like position, date of failure, size, trigger,
frequency, and type (Dai and Lee, 2001; Fall et al., 2006) and depicts past landslides on
maps as polygons or points (Kanungo et al., 2009). This method shows areas susceptible
based on past occurrences but not the degree of future risk (Mersha and Meten, 2020) and
provides valuable data for other susceptibility analysis methods (Dai and Lee, 2002;
Mersha and Meten, 2020).
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The heuristic approach relies heavily on expert experience to assess landslide risk.
Geoscientists analyze various maps of factors like slope angle, soil type, and land use,
assigning numerical ratings based on their knowledge and past observations of how these
factors influence slope stability (Dai and Lee, 2002; Anbalagan, 1992). While subjective,
this method is praised for its simplicity and ability to leverage existing field data enriched
by expert insights (Fall et al., 2006; Raghuvanshi et al., 2014a; 2014b).

2.5.2 Statistical analysis technique

Statistical analysis techniques take a quantitative approach to assessing landslide risk,
unlike the subjective expert-based methods. They rely on statistical models to identify the
combination of factors influencing landslide susceptibility in a specific area (Carrara et al.,
1992).

Statistical methods for landslide assessment come in two flavors: bivariate, focusing on
two factors at a time, and multivariate, considering a broader range. While these methods
offer an objective approach to evaluating risk, they face significant challenges: 1) Data
acquisition: Gathering extensive data over large areas takes time and resources (Van
Westen et al., 1997). Identifying the key factors influencing landslides adds complexity
and cost. 2) Data dependence: The accuracy of the results hinges heavily on the quality of
the data used. Inaccurate or incomplete data can lead to unreliable predictions (Van Westen
etal., 1997).

2.5.2.1Bivariate statistical method

This statistical technique, called bivariate overlay analysis, pinpoints the relative
importance of different factors in triggering landslides. It works by layering individual
factor maps (e.g., slope angle, soil type) on top of a map of past landslides and calculating
"weights™ for each factor class based on its association with past landslides. A higher
density of landslides within a factor class means they get a higher weight, indicating their
stronger influence and combining these weighted maps to generate a final landslide
susceptibility map (Aleotti and Chowdhury, 1999). This technique encompasses various
statistical methods like information value, frequency ratio, and weight of evidence, all
focused on developing landslide susceptibility mapping (Kanungo et al., 2009).

2.5.2.2 Multivariate statistical method
A multivariate statistical model forecasts the spatial occurrence of landslides. These

powerful tools predict the likelihood of landslides across a landscape by considering the
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combined influence of various factors. Each factor, represented by a thematic data layer
(e.g., slope, soil type, rainfall), contributes to the overall susceptibility to landslides, and
the model calculates its relative importance (Ayalew and Yamagishi, 2005; Kanungo et al.,
2009; Shano et al., 2020). This approach provides a more comprehensive and nuanced
understanding of landslide risk across a wider area. After identifying landslide and non-
landslide areas, a multivariate statistical model is used to reclassify the entire area into
different hazard zones. This model considers the percentage of landslide-affected pixels in
each zone to determine its overall susceptibility. Several Methods are commonly used for
this reclassification, including: Logistic regression method, discriminant method including
artificial intelligence methods, artificial neural network method, support vector machines,

probabilistic approach and deterministic approach (Shano et al., 2020).

2.5.3 Deterministic approach

The deterministic approach is a quantitative method for assessing landslide risk, offering
definite predictions within a factor of safety (Raghuvanshi et al., 2014a). Unlike the
probabilistic approach, which gives a range of possibilities, the deterministic approach

provides concrete results directly applicable to engineering designs (Fall et al., 2006).

The deterministic approach works best for small to medium-sized landslides, where large
or medium-scale mapping allows for gathering the detailed geotechnical and hydrological
data it requires (Raghuvanshi et al., 2014a; Van Westen et al., 2006). At larger scales, data
collection becomes more challenging, limiting its applicability.

2.6 Selection criteria

The selection of an appropriate technique for landslide susceptibility and assessment
depends on several factors, including the study's objectives, the area's size, the desired
mapping units, the map scale, the type and availability of data, the landslide types, the
availability of resources, the evaluator's expertise, and the study area's accessibility
(Guzzetti et al., 2000, 2012; Van Westen et al., 2005).

2.6.1 Analytic Hierarchy Process (AHP) Approach

The Analytic Hierarchy Process (AHP) is a decision-making tool that facilitates the
decomposition of complex problems into simpler, more manageable criteria. It employs a
structured approach that encompasses problem definition, goal and alternative
identification, pairwise comparison matrix formulation, weight determination, and overall

priority determination (Pardeshi et al., 2013; Saaty, 2008).
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The AHP effectively addresses the limitations of arbitrary weight and score approaches by
enabling decision-makers to derive ratio-scale priorities or weights rather than assigning
them arbitrarily (Yalcin, 2007).

The Analytic Hierarchy Process (AHP) offers a hierarchical structure of criteria, allowing
users to concentrate on specific criteria and sub-criteria while assigning weights (Ishizaka
and Labib, 2009). However, a drawback of the AHP is the large number of pairwise
comparisons required, involving comparisons of individual criteria and alternatives against
each criterion. The AHP approach can be employed in either an absolute or relative
measurement of the relationship between causative factors and landslides. In absolute
measurement, each alternative is compared to a single ideal alternative, while in relative
measurement; each alternative is compared to multiple alternatives. According to Pardeshi
et al. (2013), Saaty and Vargas (2006), and Saaty (2008), the relative measurement
approach is subjective and dependent on the evaluator's experience and ability to assess

observations.

To make informed and structured decisions, it is essential to break down the decision
process into manageable steps. The application of the Analytic Hierarchy Process (AHP) to

a decision problem involves four distinct phases (Saaty, 1980; Zahedi, 1986; Saaty, 2008):

1. Problem Structuring: Establishing a hierarchical framework for the decision problem,
clearly defining the decision objectives, identifying relevant criteria, and arranging them in
a hierarchical manner (Abay and Barbieri, 2012).

2. Pair-wise Comparisons: Conducting pair-wise comparisons of the decision criteria was
to determine their relative importance. This involves assessing the relative preference
between each pair of criteria and assigning numerical values to represent these preferences
(Saaty, 1980).

3. Local Weights and Consistency: Calculating local weights for each criterion based on
the pair-wise comparisons and evaluating the consistency of the judgments. Ensuring
consistency ensures that the decision-makers preferences are internally consistent and
reliable (Saaty, 2000).

4. Weight Aggregation: Aggregating the local weights to derive the overall priority
weights for each alternative or option within the decision problem. This step provides a

comprehensive understanding of the relative importance of each alternative.
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The consistency of the weights for relative importance assigned during the pair wise

comparison was checked using the equation given below.

Table 1Random Consistency Index (RI) (source Saaty, 1980, 2000)

n 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Rl 0 0 058 09 112 124 132 141 145 149 151 153 156 157 159

2.6.2 Frequency Ratio Model

The frequency ratio model assumes that future landslides will occur under conditions
similar to those observed in past landslide-prone areas within the study region. Due to its
simplicity and ease of implementation within a GIS environment, the frequency ratio
model is a widely used technique for landslide susceptibility mapping (Yalcin et al., 2007).
The frequency ratio approach establishes a connection between the distribution of
landslides and various factors associated with landslides, allowing for the correlation of
landslide locations with these factors within the study area (Lee and Pradhan, 2007). To
determine the frequency ratio, the area ratio of landslide occurrence and non-occurrence
was calculated for each class or type of factor. Subsequently, an area ratio for each class or
type of factor relative to the total area was determined. The larger the ratio is, the stronger
is the relationship between landslide occurrence and the given factor’s attribute.

2.7 Regional Geology of the Study Area

The current study area is located in Ethiopia's Southern Rift Basin; the geology of the
region is characterized by Cenozoic rocks of the Tertiary and Quaternary periods and
Precambrian rocks of the Archean and Proterozoic eons. Quaternary basalts form the
Hamasa River (Humbo) Volcanic Field between Lake Abaya and Dimtu town. The basalt
is dark gray in color, while slightly differentiated trachy basalts are light gray. The basalt is
fine-grained and olivine phyric, with columnar jointing. The Quaternary lavas are faulted
by a system of grabens parallel to the Bilate River.

Quaternary Alluvial deposits comprising gravels, clay sands, and silts form alluvial fans
where rivers enter Lake Abaya. A large delta of the Bilate River is located on the northern
shore of Lake Baya, and a large alluvial plain can be found on its western shores to the
north of Arba Minch, which forms stratified layers.

The oldest volcanic rocks are the Lower Basalt, Rhyolites, and Trachyte in the region.

They occurred in the southern and southeastern parts of the region, covering an area of 774
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square kilometers (Katzmin, 1972). The Lower Basalt was characterized by thick,
extensive lava flows that exhibit columnar jointing in some areas and intense weathering.
There is considerable variation in texture among the flows of the Lower Basalt. This unit
also includes minor bodies of rhyolite, ignimbrite, and olivine-plagioclase-phyric basalt
(Tefera et al., 1996). pyroclastic flows of the region mainly combined with ignimbrite and
stuff, lower basalt flow; stratified basalt flows with rare basaltic pyroclastics; lower
trachyte flows; it contains massive trachytes along the Omo River, quartzo-field spathic
gneiss, biotite, and amphibole gneiss, magmatic in part, with minor quartzo-field spathic

gneiss and late-tectonic granite in the region.
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3. MATERIAL AND METHODS

3.1 Description of study area

The study area is located in Gamo zone South Ethiopia. It is found at distance of around
460km far from Addis Ababa capital city of Ethiopia. Geographically, located between
6°12'N and 6°28’N Latitude and between 37°16'E and 37°28'E Longitude. The elevation
ranges between 1056m up to 3540m m above sea level (Figure 3.1). This area can be
classified into two main physiographic regions: - plateau area and rugged terrain. The area
is highly susceptible to active surface processes because of the presence of cliffs, rugged

slope faces, steep scarps, deep gorges, and valleys.

The study area is vegetated, with eucalyptus, tsid, and bushes covering most ridges. Most
of the study area is moderately slope to very steep sloping terrain, which are heavily used
for agriculture. Teff, Sorghum, Barley, Wheat, Beans, maize, potato and ensete are the

most widely grown agricultural crops.
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Figure 3.1 Location map of study area
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3.1.1 Climate conditions

The climatic condition of the area showed that the wet season starts in May and extends up
to October, and the peak wettest season occurs in July and August with a maximum
monthly rainfall of 477mm and 440mm, respectively (Figure 3.2). This area receives
rainfall twice a year, with heavy precipitation from June to September and light to
moderate precipitation from mid-March to mid-May. The main rainy season is from June
to the end of September. As indicated in Figure 3.3, the peak average annual rainfall was
3314mm and the minimum was 710mm. Appendix I, indicates the rainfall data for all

stations given by the National Meteorological Agency of Ethiopia.
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Figure 3.3 Average annual Rainfall of the study area
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3.2 Materials and Software

Materials are the essential tools and resources employed to identify and address landslide-
related issues. These materials play a crucial role throughout the research process,
encompassing both primary and secondary data collection, evaluation, interpretation, and
other aspects. The specific materials and software used in this study include the following:
GPS (Global Positioning System) is a handheld device that provides accurate location data
for precise mapping and identification of landslide sites. The digital camera was a tool used
to capture high-quality images of landslide features and the surrounding landscape,
providing visual documentation for further analysis. A compass was an instrument
employed to determine the orientation of geological features and landslide deposits, aiding
in the interpretation of landslide mechanics. Tape Measure was a tool used to measure
various dimensions of landslide features, such as length, width, and depth, providing
quantitative data for landslide characterization. Notebook: This tool was used to record
detailed field observations, including descriptions of landslide features, environmental
conditions, and any notable findings, providing valuable information for subsequent

analysis and interpretation.

Various software were utilized for this task including Microsoft Office Word 2019 and
Microsoft Office Excel 2019 version were used for data handling and report writing.
Additionally, Microsoft Office Excel 2019 was used to overlay area under curve graph of
success rate and predictive rate of both FR and AHP susceptible maps, and estimate pair-
wise comparisons for AHP approach. For the preparation of different thematic map
layouts, Arc GIS version 10.8.1 was used. Google earth pro was used to prepare landslide

inventory, and lineament identification.

3.3 Methods
3.3.1 Data Collection
This is the basic data needed to achieve the objective. These data were categorized into two

categories: primary and secondary data.

In order to assess accuracy of the assessment, high quality of Google earth image
investigation was used. The data was used for validating the causative factor maps and
landslide inventory map for the areas. Thus, Google earth pro data are primary data used.

The following tasks were completed during investigation:
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> Relevant information about the locations, modes of failure, and sizes of previous
landslides was gathered.

» Visual Documentation: Photographs were captured to document the geological
features, topographical variations, and remnants of past landslides within the study
area.

» Anthropogenic Influences: Information pertaining to human-induced activities,
including excavations, slope stabilization measures, quarrying operations, and road
or structure construction, was carefully noted.

» Geological Verification: The existing geological map was thoroughly reviewed and
verified during the field investigation to ensure its accuracy and relevance.

» Land Use/Land Cover Analysis: The types of land use and land cover patterns were
identified and validated to assess their potential influence on landslide
susceptibility.

» Lineament and fault Identification: Linear features, known as lineaments, and fault
were carefully mapped and analyzed, as they often represent zones of weakness that
may contribute to landslide initiation.

Secondary data were collected from different institutions/organizations, including a
literature review on both published and unpublished papers from different online and
journal sources, regional geological map from the Geological Institute of Ethiopia and
metrological data from National Meteorological Agency of Ethiopia.

3.3.2 Data Analyses Methods

For landslide susceptibility mapping, existing landslides are used to evaluate the possible
areas of future landslides. The bivariate and multivariate statistical approaches are used to
analyze the spatial distribution of landslides in the landslide susceptibility maps. Bivariate
statistical analyses perform an individual statistical assessment of each factor in relation to
landslide occurrence. Several bivariate (information value, weights of evidence, certainty
factor function, and frequency ratio) approaches were developed for landslide
susceptibility mapping (Pradhan, 2007). Multivariate statistical models like logistic
regression method, artificial intelligence methods, artificial neural network method,
support vector machines, probabilistic approach, and deterministic approach are used to
forecast spatial landslide occurrence (Shano et al., 2020). For this study, frequency ratio
and the analytical hierarchy process were selected; hence, frequency ratio estimation was
simple and used to quantitatively assess the landslide susceptibility, and the analytical
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hierarchy process was also adopted for analysis to ascertain the relative importance of the

criteria based on the expert responses and literature reviewed.

3.3.2.1 Landslide susceptibility mapping using frequency ratio method
The frequency ratio approach is based on the observed relationships between the
distribution of landslides and each landslide-related factor to reveal the correlation between

landslide location and the factors in the study area (Lee and Pradhan, 2007).

In order to evaluate the relationships between the causative factors and landslide
distribution, each causative factor was reclassified, and landslides were overlaid over each
factor map to determine the frequency ratio values of all the classes of each factor map
(equation 3 and 4) in ArcGIS.

Slide Ratio

Frequency Ratio (FR) = S———— (2)
. . Number of landslide pixel in class
lide Ratio =
Slide Ratio Total number of landslide pixel (3)
. Number of pixel in individual class
Class Ratio = P (4)

Total number of pixel in whole class

The FR value represents degree of the correlation between landslides and the concerned
class of the conditioning factors. So, a value of 1 means an average value. If the value is >
1, there is a high correlation, and FR < 1 means a lower correlation (Hyun et al., 2009).
Then, the landslide susceptibility index (LSI) was calculated in spatial analysis tools of
raster calculator by adding FR values of all causative factors as equation 5 below (Pradhan,
2006).

LSl = XFR = FR1 + FR2 +. . + FRn. (5)

The frequency ratio values for each landslide factor were tabulated and graphically plotted
in a Microsoft Excel spreadsheet based on equation 1. Then, the frequency ratio values of
each factor map class were assigned in ArcGIS, and finally, the frequency ratio of all the
factor maps was added to the raster calculator of the spatial analysis tools to produce the
landslide susceptibility index (equation 5) and the landslide susceptibility index was
reclassified in to five landslide susceptibility classes.

3.3.2.2 Landslide susceptibility mapping using the Analytical Hierarchy Process
Method

It is necessary to break the decision down into steps in order to make a decision in an

orderly manner and create priorities. Application of AHP to a decision problem considers
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four steps (Saaty, 1980; Zahedi, 1986; Saaty, 2008): (1) Structuring of the decision
problem in a hierarchical approach, (2) Making pair-wise comparisons and obtaining the
judgmental matrix, (3) Computing local weights and consistency of comparisons, and (4)
Weights aggregations.

Step-1: Structuring of the decision problem in a hierarchical approach this step allows a
complex decision to be structured into a hierarchy descending from an overall objective to
various ‘criteria’, ‘sub-criteria’, and so on until the lowest level. The overall goal of the
decision is represented at the top level of the hierarchy while the criteria and sub-criteria
contributing to the decision are represented at the intermediate levels. Finally, the decision
alternatives are positioned at the last level of the hierarchy. In this study the hierarchy of
the landslide causative factors (criteria or sub-criteria) is adopted from the correlations
studied by applying frequency ration model (Abay and Barbieri, 2012) besides to the field

observations.

Step-2: Constructing pair-wise comparisons and obtaining the judgmental matrix once the
hierarchy has been structured, the next step is to construct the pair-wise comparison matrix
as proposed by Saaty (1980). The input data for problem consists of matrices of pair-wise
comparisons of elements of one level that contribute to achieve the objectives of the next
higher level. That is, the elements of a particular level are compared with respect to a
specific element in the immediate upper level. Once the matrix is created, elements are
compared pair-wise to determine their relative importance in terms of each criterion
(factors) based on the scale introduced by Saaty (1980). According to this scale, the
available values for the pair-wise comparisons are members of the set: {1/9, 1/8, 1/7, 1/6,
1/5, 1/4, 1/3,1/2, 1,2,3,4,5,6,7,8,9} (Table 2).

Table 2 fundamental scale of relative importance (saaty, 2008)

Intensity  of Definition Explanation

Importance

1 Equal importance Two activities contribute equally to the objective

2 Weak importance

3 Weak importance of Experience and judgment slightly favor one
one over another activity over another

4 Moderate

5 Essential or strong Experience and judgment strong favor one activity
importance over another
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6 Strong

7 Very strong An activity is strongly favored and it dominance
importance demonstrated

8 Very, very strong

9 Extreme importance  The evidence favoring one activity over another is

of the highest possible order of affirmation

Step-3: Computing local weights and consistency of comparisons

The aim of this step is to find a set of priorities or local weights, which is the normalized
Eigen vector of the elements of the matrix. Although different methods have been used to
derive the priorities, we employed the Eigen-value technique for computing the weights
under AHP, which is one of the common methods developed by Saaty (1980). The steps
followed to compute the criterion weights (Eigen vector) of a reciprocal matrix involved

the following operations:

(1) Summing of the values in each column of the reciprocal matrix; (ii) Divide each
element in the matrix by its column total (the resulting matrix is referred to as the
normalized pair wise comparison matrix and the sum of each column is 1); and (iii)
Compute the average of the elements in each row of the normalized matrix, that is, divide
the sum of normalized scores for each row by the number of criteria. These averages
provide an estimate of the relative weights of the criteria being compared. The priority
vector shows relative weights among the things that we compare. The higher the weight is

the more important the criteria.

Priorities or relative weights make sense only if derived from a consistent or near
consistent matrices. Thus, checking the consistency of reciprocal matrix is vital. To do that,
weneed what is called Principal Eigen value (Amax) which is an important validating
parameter in AHP. It is used as a reference index to screen information by calculating the
Consistency Ratio (CR) (Saaty, 2000) of the estimated vector in order to validate whether
the reciprocal matrix provides a completely consistent evaluation. The CR is calculated as

per the following steps:

)} Calculate the eigenvector and largest Eigen value (Amax) for each matrix of
order n. Principal Eigen value (Amax) is obtained from the summation of
products between each element of Eigen vector and the sum of columns of the
reciprocal matrix.
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i1) Compute the consistency index (CI) for each matrix of order ‘n’ by the formulae:

c] = Qmax-n (6)

n—-1
iii) Calculate the CR using the formulae:

o
T RI

CR (7)

Where, RI is random consistency index obtained from a large number of simulation runs

and varies depending upon the order of matrix (Table 1).

If the value of the consistency ratio was less than ten percent (10%), the provided weight
values for each factor parameter were accepted, unless the relative importance provided
was rechecked. Then, by using a weighted sum procedure in spatial analysis tools, the
landslide susceptibility index AHP approach was produced as equation (8) (Komac, 2006),
and it is reclassified into five susceptibility classes.

LSI =Y Fiwi (8)

Where, LSl is landslide susceptibility index, F is causative factors, w is normilazed weight

and i is number of factors

3.3.2.3 Verification of the Landslide Susceptibility Maps

In this study, the combination of the landslide susceptibility and landslide inventory map
was typically used to determine the quality of a landslide susceptibility maps. From the
total landslides found, (30%) were used to test the developed maps. Both the frequency

ratio and analytical heirachy process were used to investigate the landslide susceptibility.

For validation, the area under the curves (predictive and success rates) was used by using
the 30% validation landslides in both landslide susceptibility maps. The success rate was
estimated by comparing the training data set with the landslide susceptibility class, whereas
the predictive rate was calculated by comparing the validation data set with landslide
susceptibility classes by using SDM tools which downloaded and added to arctool box in

GIS enviroment.

3.4 Landslide inventory data

The landslide inventory map serves as the cornerstone of landslide susceptibility
assessments, providing crucial insights into the spatial distribution of past landslide
occurrences. It encompasses information on the location, type, state of activity, date of

occurrence (if available), and the damage caused by past landslides. This historical data is
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invaluable for understanding the patterns and trends of landslide occurrence, enabling the
identification of potential hazard zones and the development of effective mitigation

strategies (Corominas andMavrouli, 2023).

Landslide inventories adhere to the principle that “the past is the key to the future,”
utilizing past landslide events to inform predictions about future landslide susceptibility
(Fell et al., 2008). By recording the location, date, type, size, activity, and causal factors of
landslides, landslide inventories provide a comprehensive understanding of landslide
dynamics and their potential impacts (Aipe and Sailesh, 2016). This knowledge is essential
for developing effective land management practices and reducing landslide risk. This study
digitized the landslide inventory map from Google earth image interpretation and field

survey.

3.5 Data Analysis
Data analysis involved primary and secondary data sources, following these procedures:
» Landslide Inventory Polygon: The landslide inventory polygon was created by digitizing

and rasterizing a Google Earth image from 2023 and field survey using ArcGIS 10.8.1.

» Causative Factor Maps: Thematic maps of landslide causative factors were created using
both secondary and primary data sources within ArcGIS 10.8.1. These maps were then

converted to raster format with a uniform cell size of 30 by 30 meters.

» Landslide Susceptibility Index Maps: Landslide susceptibility index maps were
calculated for the frequency ratio using the Raster Calculator tool in ArcGIS and for
Analytic Hierarchy Process susceptibility index was calculated in weighed sum of

spatial analysis tools in ArcGIS 10.8.1.

» Landslide Susceptibility Classes: Five landslide susceptibility classes were defined for
both frequency ratio and Analytic Hierarchy Process models: very low, low, moderate,
high, and very high.

» Validation: The landslide susceptibility maps were validated against a validation
landslide inventory map, comparing the predictive and success rates using the AUC of
ROC values.
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4. RESULT AND DISCUSSION

4.1 Landslide Inventory

A comprehensive landslide inventory was created by interpreting Google Earth imagery,
identifying and mapping 793 landslides within the study area. Using ArcGIS software, the
vector-based landslide inventory was converted into a raster format with a pixel size of 30
meters by 30 meters. The resulting raster dataset was randomly split into two subsets: 70%
(555 landslides) for susceptibility prediction modeling and 30% (238 landslides) for model
validation. The spatial distribution of landslides within the study area is concentrated in the
northern, northeastern, middle part and southeastern regions, characterized by rugged
topography, steep slopes, deep gorges, and fractured and weathered bedrock. The identified
landslides encompass various types, including debris slides, rotational and translational

slides, rock slides, creep, and earth slides.
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Figure 4.1 Landslide inventory map of the study
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4.2 Landslide types and failure mechanism in different localities of study area

During field surveying, several active landslides were identified. Most of them are
distributed along roads, near rivers, and around the steep slopes in the study area. Among
these several landslides, currently there are four extremely damaged sites that damage
infrastructure and are also the causes of agricultural damage. These four extremely
damaged sites; landslides in Wulokode locality, landslides in Dida locality, landslides in
Gebako locality, and landslides in Menena locality in the study area were selected for a
detailed discussion because of its high magnitude of damage. Even though all inventoried
landslides have their own effects on the local people and infrastructure, it is impossible to
discuss them all. Among those several landslides, four extremely damaged sites are

discussed separately.
Landslide in Wulokode locality

This area is mainly characterized by a moderate to gentle slope, and it is exposed to many
road cuts and hill sides as indicated in plate 1 (a and b). The lithology of the area is
covered by highly weathered basalt, and basalt is overlaid by residual soil and stick clay
soils. During the field work, many roads were cut and much ground water was observed at
the surface in this village, which indicated that the groundwater in this area is shallow. The
common type of landslide that was observed in this village during field work is a
progressive basalt and soil slide with an average landslide depth of 5-10 m and a width of
5-15 m. The slide of this area is active and old, which occurred due to human activity,
overuse of cultivation, improper slope cut for road construction, ground water observed at
the surface, and stream cut below the road of sheet erosion. According to villagers,
landslide occurrences in this area are very high during rainy seasons, causing damage to
cultivated land that was covered by crop vegetation. The common types of landslides that

were observed in these villages are debris slides and rockslides.
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Plate 1 A and B) debris slide and C) rock slide in the locality
Landslide in Dida locality

This area is mainly characterized by moderately steep and very steep-sloped topography.
The slope in the village is composed of ryholite rock, overlaid by residual deposits and
basalt. The topography, road cuts, stream undercutting, erosion, and farming practices in
this village have severely impacted its landscape. Based on information gathered from the
villager, the most common types of landslides that were observed in this village during
field work were debris falls and rock falls of active and old landslides.
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The landslides that occurred in these villages are due to the steepness of the slope, road
cuts, heavy and prolonged rainfall, and stream undercutting, which caused damage to
vegetation, and various crops in the village as indicated in plate 2 (A and B).

Plate 2 A) Rock fall and B) debris fall

Landslide in Gebako locality

This area is mainly characterized by a moderately gentle to steep slope, and it is exposed to
many road cuts, river cuts and hill side topography. The lithology of the area is covered by
quaternary deposits and pyroclastic rock overlain by quaternary deposits. During the field
work, many roads were cut and much of river cuts there in this village. The common type
of landslide that was observed in this village during field work is a progressive pyroclastic
fall and rock fall of plate 3 (A and B) respectively, with an average landslide depth of 10—
40 m and a width of 20-100 m. The slide of this area is active and old, which occurred due
to human activity, overuse of cultivation, improper slope cut for road construction, ground
water observed at the surface, and stream cut of Woyiza Dacea River near the stream
topography cause erosion at the toe. According to villagers, landslide occurrences in this
area are very high during rainy seasons, causing damage to cultivated land that was

covered by crop vegetation.
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Plate 3 A) pyroclastic fall and B) rock fall under stream cut

Landslide in Menena locality

This area is mainly characterized by a gentle to steep slope, and it is exposed to many road
cuts, river cuts, and hill sides. The lithology of the area is covered by highly weathered
rhyolite, quaternary deposits, and rhyolite. During the field work, roads and rivers were
cut, and much ground water was observed at the surface in this village, which indicated
that the groundwater in this area is shallow. The common type of landslide that was
observed in this village during field work is a progressively moving rhyolite with an
average landslide depth of 5-20 m, a width of 15-200 m, and 20-100 m. The slide in this
area is active and old, which occurred due to improper slope cuts for road construction,
ground water, gravity, and stream cuts near hill sides. There was erosion near the Tsio and
Gazote rivers. The common types of landslides that were observed in these villages are
debris slides and creep as shown in plate 4 (A, B and C). To stabilize the slides in this area,
retaining walls were provided, but they are not effective; in fact, the retain walls are
damaged because they were provided without proper investigation study on the effects of
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applying these preventive measures on aggravating further landslide occurrences as shown
Plate 4(c).

Plate4 A) Debris slide of stream under cutting, B) creep and C, debris slide of road cutting
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4.3 Landslide causative factor analyses

Landslides are spatially distributed and have a high density depending on the topography,
weather, geology, land use and anthropogenic causes (Khan et al., 2019). In order to
understand how the landslides occur and subsequently create a map of landslide
susceptibility, it is crucial to evaluate the impact of these causal factors based on the spatial
distribution of landslides. In the present study, slope, aspect, curvature, distance to
lineament, distance to stream, distance to road, distance to fault, land use/land cover,
normalized difference vegetation index (NDVI), lithology and rainfall have been
considered as causative elements and all except rainfall were used to prepare landslide
susceptibility mapping. The following will provide a detailed explanation of how each

causative factor influences the landslide occurrence.

4.3.1 Slope

Steepness of the land is a major influence in setting the stage for landslides (Kumar et al.,
2015). When assessing landslide risk, slope is crucial. It not only influences where houses
and roads should be built, but also how the land is prepared to withstand potential slides.
As slope angles increase, the probability of landslide occurrence increases as the slope
angle decreases due to gravity, resulting in a lower frequency of landslide events on gentler
slopes compared to steeper ones (Kumar et al., 2015). Steeper slopes are typically
characterized by a greater susceptibility to sliding (Hamza and Raghuvanshi, 2016). In this
study, slopes were classified into five categories (0° - 7°), (7° - 17°), (17° - 28°), (28°- 40°)
and > 40°based on the natural breaks’ method, as it clearly classifies the slope with the
existing topography of the study area in comparison with other classification methods
(Meten et al., 2015) Figure 4.2(A).

The study found that as the slope angle increases, so does the frequency of landslides, and
has a lower percentage of landslides compared to steeper slopes except for the first class.
This confirms that slope steepness is a major factor in landslide occurrence (Asmelash and
Barbieri, 2012; Ayele, 2014). Several studies support this observation, highlighting the
importance of slope angle in landslide susceptibility assessments (Raghuvanshi et al.,
2015; Erden and Karaman, 2012).

4.3.2 Aspect
Aspect is the direction in which the maximum slope of the terrain is oriented (Xu et al.,

2012) and considered as key factor for landslide occurrence (Yalcin, 2011). It is often
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quantified in terms of degrees from 0 to 360°, signifying slope orientation (Mersha and
Meten 2020). The slope aspect might affect the beginning of a landslide as it affects
moisture retention and vegetation cover (Raghuvanshi et al. 2015). The aspect of the study
area is classified into N, NE, NW, S, SE, SW, E, W and flat. The aspect factor map was
derived from the DEM of the study area with a spatial resolution of 30m * 30m. The aspect
map was grouped into nine classes Flat (-1°), North (0°-22.5°; 337.5°-360°), Northeast
(22.5°-67.5°), East (67.5°-112.5°), Southeast (112.5°-157.5°), South (157.5°-202.5°),
Southwest (202.5°-247.5°), West (247.5°-292.5°) and Northwest (292.5°-337.5°) as shown
in Figure 4.2(B)

The results revealed that 29.12% of the landslide occurred in the north-facing slopes,
11.29% occurred in the south-facing slopes while 10.10% in the east-facing and 7.94% in
the northwest facing slopes. This shows that slopes facing the north, south, east, and
northwest have a high correlation with landslides. This result agrees with a study
conducted by Chimidi et al. (2017) in which slopes oriented towards southwest, west, and
northwest showed a high probability of landslide occurrence. The result was in line with
Shano et al. (2021), who reported the north, northeast, south, and southwest aspect classes

as the most landslide-prone classes.

4.3.3 Curvature

The curvature of the study area was derived from a digital elevation model (DEM) with a
spatial resolution of 30 meters, and it was categorized into three classes: Large negative
values represent concave curvature; values near zero indicate flat terrain; and large positive
values signify convex curvature. Among the total area, flat curvature is the most dominant
one, which covers a large area as compared to the concave and convex ones, respectively
Figure 4.2(C). As a result, concave and convex aspect classes are highly influencing the
landslide occurrence as compared to the flat curvature. Accordingly, the maximum values
were assigned for the curvature classes within negative and positive values. These
curvature classes are zones of groundwater accumulation and divergence, respectively. The
negative values are zones of groundwater percolation into the soil/rock mass. Further, a flat
area was assigned with the lowest susceptibility to landslide, which agrees with Girma
(2015), Chen et al. (2016), and Ayele (2019) in which landslide activity increases with

negative and positive values of curvature.
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4.3.4 Lithology

Lithology serves as one of the contributing factors to landslides (Riaz et al., 2018; Berhane
et al., 2020). Landslide susceptibility tends to rise when the underlying rock unit is loose
and fractured.

The results of lithology from the existing map and field survey showed that the study area
contains three lithological units, namely Quaternary Alluvial Deposit (QAD), Basalt, and
Rhyolite Figure 4.2(D). The result showed that basalt covered the highest area coverage
and landslide coverage in percent. But rhyolite had less area coverage and landslide

percentage, as shown in Table 3.

Table 3 Area coverage of each lithological unit

Lithology Area (km?) Area (%)
Basalt 388.80 88.17
Quaternary Alluvial Deposit 14.66 3.32
Rhyolite 37.50 8.50
Basalt

The basalt lithological units of the study area ranged from a gentle to a steep slope
topographically. As indicated in Table 3 above, the basalt lithological unit of the study
covered a large area of 388.80 km? and 88.17 percent of the total area. This lithological
unit had a large thickness, which was overlaid by the quaternary alluvial deposit at the
western part, the ryholite unit at the southeast, and some at the northern part of the study

area.
Quaternary Alluvial Deposit

This lithological unit covered a small area of the total area of the study area by 14.66 km?
and 3.32 percent, as shown in Table (3). This unit was founded in the western parts of the

study area and had a small thickness, which was underlie by the basalt lithological unit.
Ryholite

Ryholite in the study area forms a very steep slope and cliff. This unit covered 37.50 km?
and 8.50 percent of the total area, and it was exposed in the southeastern and northern parts
of the study area. The unit had a moderate thickness, which was underlie by the basalt

lithological unit.
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4.3.5 Land use/land cover

Land use/land cover changes significantly influence globally on rainfall-triggered
landslides (Mersha and Meten, 2020). The result showed that Land use/land cover of the
study area classified in to five classes: sparse forest, shrub, bare land, agricultural land, and
settlement with an agricultural land predominating in the area Figure 4.3(A). The result
indicated sparse forest, agricultural land, bare land, and shrubs had percentage values of
17.480 %, 45.704 %, 11.989 %, and 24.828 %, respectively, which revealed the highest
probability of landslide occurrence, which was in line with Sharma et al. (2012), who
reported that sparsely vegetated or barren slopes are prone to erosion, thereby intensifying
slope instability and in line with the founding of Addis (2022), who reported that bare land
and sparse forest areas were highly susceptible to landslides. But settlement had a lower
probability of landslide occurrence with a value of zero percent (0%).

4.3.6 Normalized Difference Vegetarian Index

The NDVI of the study was classified into five classes: -0.128 — 0.144, 0.144 — 0.200,
0.200 — 0.269, 0.269 — 0.358 and 0.358 — 0.636, as shown in Figure 4.3(B). The result
indicated that the -0.128-0.44, 0.144-0.200, and 0.200-0.269 classes had a lower value of
NDVI and had the highest percentage of landslide occurrence and the highest probability
of a landslide. These results were similar to those of Addis (2022), who reported that lower
values of NDVI had the highest probability of a landslide and higher values of NDVI had
the lowest probability of a landslide. This class of NDVI means bare land, built-up areas,
and shrubs that were exposed to erosion and soil moisture. However, the remaining NDVI
classes had higher NDVI values, with relatively high vegetation coverage and a lower
probability of landslide occurrence, because vegetation increases soil strength through its

root system and reduces the risk of shallow landslides.

4.3.7 Distance to stream

Streams play a crucial role in landslide susceptibility, especially when they undercut slope
bases (Che et al., 2011). For this study area, the distance to stream was generated from a
DEM of 30 m by 30 m resolution and classified into seven classes: 0 — 100m, 100m —
200m, 200m — 300m, 300m — 400m, 400m -500m, 500m - 600m, > 600m based on manual
classification methods, because manual classification is realistic, the relationship between
stream and landslide occurrences. The result indicated that as distance to the stream
decreased, the probability of land slide occurrence increased because the stream can erode

the slopes or saturate the lower part of the material, resulting in increased water levels,
36



which may adversely affect stability. All classes of distance to stream have the highest

probability of land slide, except the last class > 600m as shown in Figure 4.3(C). The result

was similar to the finding of Addis (2023), who found the probability of landslide

occurrence increases as the distance to the stream decreases.

4.3.8 Distance to lineament

Lineament geometry and fault rupture have a direct influence on the distribution of

landslides (Mahmood et al. 2015; Riaz et al. 2018). The lineament factor was characterized

as proximity analysis by the use of the Euclidian distance buffering tool, and the distance

to lineament factor was reclassified based on manual classification methods into seven
classes: 0-50m, 50-100m, 100-150m, 150-200m, 200m-250m, 250m-300m, and >300m.

The classification was made with manual classification to be realistic about the relationship

of landslides with escarpment. The results showed that the lineament class of 0-50 m had a

higher probability of landslide occurrence, whereas the lineament class of > 300m had a

lower probability of landslide occurrence, as shown in figure 4.3(D).The result was similar
to the finding of Genene and Meten (2021), who found the probability of landslide

occurrence increases as the distance to the lineament decreases.
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Figure 4.3 A) LULC, B) NDVI, C) distance to stream and D) Distance to lineament Map

4.3.9 Distance to road

Distance to road was a critical and important element that was considered because of the
terrain and the infrastructure properties that were undertaken to mitigate landslide risk in
the study area. Road cuts at the outset decrease the general stability of the slopes and
increase depending on the dip directions (Michael and Samanta, 2016). Distance to road of
the study was classified into seven classes: 0—-100 m, 100-200 m, 200—-300 m, 300—400 m,
400-500 m, 500-600 m, and > 600 m by manual classification. The result revealed that the
distance to road of class 0—100m had a higher probability of landslide occurrence, but class

> 600m had a lower probability of landslide occurrence, as shown in figure 4.4(A).

4.3.10 Distance to Fault

The presence of strongly weathered rocks and a well-developed fault structure within the
study area creates favorable conditions for landslides (Li et al., 2015). To quantify this
influence, the distance to faults was classified into seven categories at 100-meter intervals:
0-100 m, 100-200 m, 200-300 m, 300-400 m, 400-500 m, 500-600 m, and > 600 m
Figure 4.4(B). As expected, closer proximity to faults generally increases the probability of

landslide occurrence, which is similar to Pradhan et al. (2012), who found the risk of a
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landslide increases as the distance from the fault decreases. The result revealed that the
structure of rock and soil in the fault zone is fractured and easily weathered, affecting

landslide disasters.
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Figure 4.4 A) distance to road and B) Distance to fault Map

4.4 Results of Frequency ratio analysis

4.4.1 Relationship between landslide and causative factors

Using the statistical frequency ratio and analytical hierarchy process, this study examined
the relationships between ten potential causes of landslides. The causal factors were
classified into fifty-eight classes (Table 4), which assigns the weights assigned to each
class of the FR model. The weight values obtained from the FR model illustrate the spatial
relationship of the causative factor classes to landslide occurrence. In this study, the
relationship between landslides and each class of causative factors (slope, aspect,
curvature, and distance to stream, distance to lineaments, distance to road, and distance to
fault, lithology, land use/land cover and NDVI) was examined and shown in the following

figure (Figure 4.5).

39



% of Landslide

% of Landslide

29.118

0°-7° 7° 17°- 28°- >40° g
o o o \Q
17°  28° 40 e
A
Slope (degree)
45.839 3
>
©
(5] C
E (4]
S 29.081 -
2 5 11.547
S o\° 1.214
Y— o> -
(@]
s & & W
P & <
A <«
4\
v\\\)
R
Concave Flat Convex &qj\(\
\\/b
o .
C Curvature Lithology D
(5] [¢B)
S S
> >
© ©
C C
© ©
_ _
Y— Y—
(@] o
i3 =3
[
{9
&
o
o
£ Land use/ land cover s
F

40




64.021

0.725 5 477 5763 5698 4.470 3.899
[ o BN v BN oo B . B |

% of Landslide

o o o o
o"\’ o' 09’0 o'“g 05"0 05"0 7@
S S U Y
Distance to stream
G
51.005
[¢5)
=]
ﬁ .351 10139 9037 6.237 7.070 6.161
i s O O
[V
o o o o o Q
\o & %,\9 Q,\, O Q?)Q oy
S RS \590 f&o 5
H Distance to lineament
o 64.642
S
>
2 12.225
S 9109 4.409 3.565 3.020 3.030
_ - o & o
[T
S) o o o o o o
S o"\’ 0’9 °’Q 0'“‘0 J’Q Q""Q 7@
D S P
Distance to Road
I
62.753
[¢B)
=)
g 8.585 7.597 6.836 5.375 4.650 4.204
= : ® & = =
_
o o o o o o o
S & & & & & &
- S S R R
X
o .
] Distance to Fault

Figure 4.5 A), slope, B), aspect, C) curvature, D) lithology, E) LULC, F) NDVI, G)
distance to stream, H) distance to lineament, 1) distance to road and J) distance to fault

relationship with the percentage of landslide occurrence of the frequency ratio approach
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4.4.2 Rating Landslide Factors using Frequency Ratio Approach

The FR values increase with increasing slope angle. For example, the slope classes of 28° -
40°, >40° have the highest FR values of 1.40 and 2.75, respectively. However, the classes
0° - 7°, 7°-17°, 17°-28°, with lower slope angles have the least FR values with the least
probability of landslide occurrence. The results agree with the finding of Mersha and
Meten (2020) found that slope classes > 12° have a higher contribution to landslide
occurrence (This correlation indicated that the landslide probability increases as the slope
gradient increases and similar with Genene and Meten (2021) who reported slope classes
>15° had high probability of landslide. The aspect analyses showed that the maximum FR
value (4.26) was for the North, followed by South (1.12), West (1.03), Southwest (1.01),
and Northeast (1.0), indicating a higher probability of landslide occurrence. The other
aspect classes have less than zero FR values, which indicate a lower probability of
landslide occurrence. The results in this study area in agreement with Getachew and Meten
(2021), in which the north, southwest, west, and northwest face a high probability of
landslide occurrence. This is also in line with Addis (2022), which reported that the
southwest, west, and northwest-facing slopes had a high probability of landslide

occurrence.

In the case of curvature, the FR is higher for a concave (1.57), and for a convex slope, the
FR value is 1.43. The other curvature (flat) indicates lower values (0.72). This agrees with
Mersha and Meten (2020) reported that concave and convex slopes have high probability
of landslide occurrence due to the effects of slope shape for rainwater impounding and
gravity effect.

The FR for distance to stream clearly showed that the class of 0 - 1700m, 100 - 200m, 200 —
300m, 300 — 400m, and 400 — 500m, and 500m — 600m have the highest influence on
landslide occurrence with values of 4.02, 2.03, 2.16, 2.16, 1.68, and 1.46 respectively. The
remaining classes of above 600m have a lower probability of landslide occurrence with FR

values of 0.76.

For distance to lineaments, the intervals 0 — 50m, 50 — 100m and 150 — 200m, 200m —
250m, and 250m — 300m have a higher probability of landslide occurrence with values of
3.24,2.84, 2.38, 2.08, 1.87, and 1.68, respectively. The FR for distance to road, the interval
0 — 100m, 100m — 200m, 200m -300m, and 300m - 400m have a higher probability of
landslide occurrence with FR value of 2.58, 2.28, 1.05, and 1.0 respectively. FR value for

distance to fault indicated, the interval of 0 — 100m, 100m — 200m, 200m — 300m, 300m —
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400m, 400m — 500m, and 500m — 600m have a higher probability of landslide occurrence
with values of 1.87, 1.75, 1.54, 1.23, 1.09, and 1.01, respectively. For the lithology factor,

frequency analysis shows that the basalt and rhyolite have the highest susceptibility to

landslides with FR values of 1.0 and 1.36, respectively. For land use and land cover, shrub

and sparse forest have higher FR values of 2.160 and 4.410 respectively. For normalized
difference vegetation index, classes of -0.128 — 0.144, 0.144 — 0.200, and 0.200 — 0.269
have higher probability of landslide occurrence with FR value of 1.03, 1.05, and 1.02

respectively.

Table 4 Rating of each factor class from a spatial relationship between each factor class

and landslide using frequency ratio model
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Where, CP is class pixels, %CP is percentage of class pixels, LP is landslide pixels, %LP,

percentage landslide pixels, SR, is slide ratio, CR is Class ratio and FR is frequency ratio
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Figure 4.6 Relationship between causative factors and frequency ratio values

4.4.3 Landslide Susceptibility Mapping Using Frequency Ratio Model

From the raster calculation, the final result of LSI values of the study area ranges from 4.52
to 15.43. The LSI map was classified into five classes using the natural breaks method this
method is used because it is best for uneven data distribution, and it is capable of

classifying the landslide susceptibility index map into a different category based on the
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inherent data value similarity (Meten et al., 2015). Therefore, the LSI values were
classified into five susceptibility areas: very low (4.52 — 6.71), low (6.71 — 7.39), moderate
(7.39 —8.09), high (8.09 — 9.34) and very high (9.34 — 15.43) [Table 5].

Table 5 Frequency Ratio Landslide susceptibility class based on landslide susceptibility

index
Susceptibility classes LSI Area (km®) Area (%)
Very Low 452-6.71 108.05 24.68
Low 6.71-7.39 87.22 19.92
Moderate 7.39 -8.09 77.09 17.61
High 8.09-9.34 81.46 18.61
Very High 9.34-15.43 84.01 19.19

The landslide susceptibility map (Figure 4.8 and Table 5) clearly shows that in the study
area, 108.05 km? (25%) falls in very low susceptible classes and 84.01 km? (19%) of the
area falls in very high susceptibility classes while the remaining ones including 87.22 km?
(20%), 77.09 km? (18%), and 81.46 km? (12%) of the study area fall in low, moderate and
high susceptibility classes respectively, were estimated from the ratio of the product of
pixels and 30m*30m cell size to 10°. Where 10° is the unit conversion from meter to
kilometer

FREQUENCY RATIO

Figure 4.7 Distribution of landslide susceptibility classes of frequency ratio in the study
area
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Figure 4.8 Landslide Susceptibility map using frequency ratio

4.5 Results of Analytical Hierarchy Process Model

4.5.1 Relationship between landslide and causative factors

As indicated in Table 6 and Figure 4.9, slope was the major parameter contributing to the
landslide of the study area with a relative weight of 27.3%, followed by aspect, curvature,
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LULC, NDVI, lithology, and distance to the road of 18.2%, 15.1%, 10.8%, 8.5%, 6.7%,
and 5.1% relative weight, respectively, whereas distance to the fault, distance to the stream,
and distance to the lineament have a lower contribution to landslide occurrence with a
relative weight of 3.9%, 2.9%, and 1.6%, respectively. The area is characterized mainly by
a moderately to very steep slope or cliff, highly weathered rhyolite and highly weathered
basalt, quaternary deposits, and also by aspect, curvature, LULC, NDVI, and distance to
the road. Distance to the fault, distance to the stream, and distance to the lineament are the

next influential parameters, with more or less equal influences on landslide occurrences.

27.3
<)
S
]
< 18.2
‘> 15.1
i 08
.; ) 6.7 1
> H 1.6
ad H e =
N\
\er ch» @@ &c éog \(@ qu \%&& &@ &
s 2 A O & & S N
> & & & E
< N @ B & N
0\‘" Q\"’ . X &
&
<>\°)
Causative factors

Figure 4.9 Relationship of landslide occurrence with the causative factors of analytical

hierarchy process

4.5.2 Rating Landslide Factors using analytical hierarchy process

All ten factors play a role in landslide occurrence, but their individual contributions to
slope instability vary significantly. This classification process involved the
prioritization and weighting of field-based expert judgment and the review of published
data (Abay and Barbieri, 2012). Each pair of factors was assigned a value between 9
(extremely influential) and 1/9 (oppositely influential), using a scale derived from Table 2.
These values formed a square reciprocal matrix (Table 6) by rating rows relative to
columns. Then after the judgmental matrix resulting from pair wise comparisons was
subjected to consistency checks to ensure the validity of the results. Quantifying the
relative importance of the landslide causative factors involved constructing a pair wise
comparison and judgment matrix, as guided by Saaty's (1980, 2000). The numerical

relational scale from Table 2 was employed for comparing pairs of attributes (parameters
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within a layer). To check for consistency in the results, two values were calculated: the
consistency index (CI) using equation 6, and the consistency ratio (CR) using equation 7.
A reference value, called the random consistency index (RI), was also used from Table 1.
For this analysis with ten factors, the RI was 1.49.

The consistency ratio (CR) serves as a measure of agreement within the judgments made in
a pair wise comparison matrix. A CR value of 10% or less indicates acceptable
consistency, while values exceeding 10% suggest potential inconsistencies. In this study,
the calculated CR for the study area derived using equation (7) and the data in Appendices
-1V was 9.55%. This falls within the acceptable range, confirming the consistency of the

judgments made in the matrix.

Table 6 pair-wise comparisons for all landslide causative factors

> | 1 1 1 = ;\5\
5 ® O © S S o < S S S ©oO
= Q. 8 2 3 a) = e S5 B9 B O Ig
8 = 2 3 o =z 3 BAS 08 DE O£ &2
slope 1 3 4 3 3 5 5 8 6 9 27.3
aspect 033 1 3 3 4 4 3 5 4 7 18.2
curvature 0.25 033 1 3 3 5 3 5 7 5 15.1
LULC 033 033 033 1 3 3 3 3 3 8 10.8
NDVI 033 025 033 033 1 3 3 3 3 6 8.5
Lithology 0.2 0.25 0.2 0.33 0.33 1 3 3 3 7 6.7
Distance-road 0.2 0.33 0.33 0.33 0.33 033 1 3 3 3 5.1
Distance-fault 0.125 0.2 0.2 0.33 0.33 0.33 0.33 1 3 5 3.9
Distance-stream 0.167 0.25 0.14 0.33 0.33 0.33 0.33 033 1 3 2.9
Distance- 0.111 0.14 0.2 0.12 0.167 0.14 0.33 0.2 03 1 1.6
lineament 3 5 3 3

4.5.3 Landslide Susceptibility mapping using analytical hierarchy process approach

In this study, the landslide susceptibility maps were quantitatively prepared using the
analytical hierarchy process in a GIS environment. Weight of each causative factor class
was defined by the combination of each parameter and landslide inventory map. By
combination of following decision rules (addition, division, multiplication, and
subtraction), the weight of each conditioning factor class was defined. Finally, the
landslide susceptibility index classification using the natural breaks method was done as it

is well suited to evenly distributed data.
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From the weight sum, the final result of LSI values of the study area ranges from 0.508 to
1.676. The LSI map was classified into five classes using the natural breaks method this
method is used because it is best for uneven data distribution, and it is capable of
classifying the landslide susceptibility index map into a different category based on the
inherent data value similarity (Meten et al., 2015). Therefore, the LSI values were
classified into five susceptibility areas: very low (0.508 — 0.634), low (0.634 — 0.707),
moderate (0.707 — 0.808), high (0.808 — 0.961) and very high (0.961 — 1.676) [Table 7].

Table 7 Analytical hierarchy process Landslide susceptibility class based on landslide

susceptibility index

Susceptibility classes LSI Area (km®) Area (%)
Very Low 0.508 — 0.634 13.13 3
Low 0.634 - 0.707 33.67 7
Moderate 0.707 - 0.808 112.48 26
High 0.808 — 0.961 157.40 36
Very High 0.961 - 1.676 121.15 28

The landslide susceptibility map (Figure 4.11 and Table 7) clearly shows that in the study
area, 13.13km? (3%) falls in very low susceptible classes and 121.15km? (28%) of the area
falls in very high susceptibility classes while the remaining ones including 33.67km? (7%),
112.48km? (26%), and 157.40km? (36%) of the study area fall in low, moderate and high
susceptibility classes respectively, were estimated from the ratio of the product of pixels

and 30m*30m cell size to 10°. Where 10° is the unit conversion from meter to kilometer

ANALYTICAL HIERARCHY PROCESS
very low
3% low

7%

moderate
26%

Figure 4.10 Distribution of landslide susceptibility classes of analytical hierarchy process
in the study area
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Figure 4.11 Landslide Susceptibility map using analytical hierarchy process

Assessment of the developed map indicated that the terrain and plateau part of the study
area, including the localities of Ako, Menena, Degeza, Zongala, Alaha, Wulokode showed
very high and high susceptibility classes. Localities of Wacha, Shella Subo, Gebeko,
Halaha and Selam fall in very low, low and moderate susceptibility classes. In general,
most of the South, southeast, northeast, north and middle part of the study area falls under
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high and very high susceptibility zones. Very low, low, and moderate susceptibility classes

are distributed throughout the study area.

4.6 Model validations

In this study, the combination of the landslide susceptibility and landslide inventory map is
typically used to determine the quality of a landslide susceptibility model. Out of the 793
landslides found, 555 (70%) were used to create the landslide susceptibility maps, and
238(30%) were used to test the model. Both the analytical hierarchy process and the
frequency ratio approach were used to investigate the landslide susceptibility.

For validation, the area under the curves (predictive and success rates) was used by using
the 30% validation landslides in both landslide susceptibility maps. The success rate was
estimated by comparing the training data set with the landslide susceptibility class, whereas
the predictive rate was calculated by comparing the validation data set with landslide
susceptibility classes.

4.6.1 Area under the Curve (AUC) Success and Predictive Rate Curve

The results showed that the AUC of the success rate of frequency ratio was 0.873 and the
predictive rate was 0.810. The AUC of the success rate and predictive rate curves ranges
between 0.8 and 0.9, indicating very good performance of the landslide susceptibility
models. Based on the AUC evaluation, the landslide susceptibility maps produced by the

models were reliable

1

f —FR success rate
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Figure 4.12 Success and predictive rate of frequency ratio analytical hierarchy process
approach
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4.7 Remedial measures

Increasing Vegetation Cover

In the study area, the susceptibility classes of both the AHP and FR approaches were
categorized into moderate, high, and very high probability for landslide occurrence. The
AHP approach indicated that 36% of the area falls in the moderate susceptibility class,
26% in the high susceptibility class, and 28% in the very high susceptibility class. On the
other hand, the FR approach showed that 18% of the area is in the moderate susceptibility
class, 18% in the high susceptibility class, and 19% in the very high susceptibility class.
These results were validated field observation of landslide susceptible area those need
remedial. To prevent landslide hazards in the area, planting vegetation on hillsides is a very
economical and effective way to ensure the stability of slopes, as it helps to bind the soil

together and prevent excessive run-off and soil erosion.
Surface Drainage Work

The drainage system is practically zero on the vulnerable slopes of the study area,
particularly Menena, Zongala, and Wulokode. This leaves them exposed to the dangers of
rainwater infiltration and flooding, ultimately jeopardizing their stability. But providing
surface drainage works is recommended specifically for areas prone to floods and seasonal

streams.
Retaining wall construction

Gully and stream bank erosion pose a serious threat to the stability of several areas in your
study area, notably Dida, Ako, Degeza, Alaha and Menena. Especially during the rainy
season, these waterways can unleash powerful erosive forces, leading to land loss and
potentially triggering slope instability. But there are Proactive measures like retaining

walls and gabion walls can be vital allies in the fight against erosion.
Public awareness and education plan

Understanding landslide threats is the first step towards mitigating their impact.
Widespread public awareness empowers individuals and communities to make informed
decisions about where they live, work, and cultivate land. With knowledge readily
available, communities can actively plan, mitigate risks, and prepare for landslides,

building rnesilience and reducing their vulnerability to these earth-moving events.
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5. CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusions

A landslide susceptibility assessment was used as input in the analysis of landslide risk and
hazards. A frequency ratio and an analytical hierarchy process approach were used to
assess the spatial probability of a landslide occurrence in this study. The landslide
inventory of the study, identified through Google Earth Pro and field surveys, was a total
of 793 landslides. These landslides include debris slides, rotational and translational slides,
progressive creep movement, rock slides, rock falls, and complex types of landslides.
These landslide inventories were partitioned into a training dataset of 70% (555), which
was used for the statistical application, and a validation dataset of 30% (238), which was

used to evaluate the performance of the models used.

This study considered ten causative factors in preparing the landslide susceptibility maps.
These were included: slope, aspect, curvature, lithology, land use/land covers, normalized
difference vegetation index, distance to road, distance to fault, distance to streams, and
distance to lineaments. Their thematic maps were prepared: slope, aspect, curvature, and
distance to stream were prepared from the SRTM DEM with a 30m*30m resolution; land
use, land cover, and NDVI were prepared from Sentinel 2A; and lineament maps were
prepared from the Google Earth image of 2023 and field survey in the ArcGIS
environment. The lithology and distance to fault map layers of the study area were
extracted from the geological maps of Dime with a scale of 1:250,000 and a field survey.
Rainfall data was generated from the rain-fall data of the National Meteorological Agency
of Ethiopia. Later, all vector maps were transformed into raster data of the same cell size

for further analysis.

To identify the spatial relationship between the occurrence of landslides and each
landslide's causative factor classes, causative factor maps were combined with a training
data set to get each class’s weight. In the present study, the contribution of landslide
occurrence to each causative factor class was identified by statistical frequency ratios and
analytical hierarchy process values. From the frequency ratio analysis, FR values greater
than 1 were found in the factor class of a slope greater than 28°: concave and convex
curvatures; aspect classes of north, west, southwest, northeast, and southeast facing slopes;
lithology of basalt; land use and land cover of sparse forest, bare land, and shrubs;
normalized difference vegetation index of _0.120 - 0.144, 0.144 - 0.200, and 0.200 -

0.269; distance to road of 0 -100m, 100 - 200m, 200 - 300m, and 300 - 400m:; distance to
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fault of 0 -100m, 100 - 200m, 200 - 300m, 300 - 400m, 400 -500m and 500 - 600m;
distance to stream of 0 -100m, 100 - 200m, 200 - 300m, 300 - 400m, 400 -500m and 500 -
600m; distance to lineament of 0 - 50m, 50 - 100m, 100 -150m, 150 - 200m, 200 - 250m,
and 250 - 300m that had highest probability of landslide occurrence. Whereas FR values
less than 1 of the factor classes indicated a lower probability of landslide occurrence. The
analysis of the analytical hierarchy process approaches the value of the area where there is
a high relationship if the relative weight is high; otherwise, there is a low relationship. As a
result, slope had the highest probability of landslide occurrence, followed by aspect,
curvature, LULC, NDVI, lithology, and distance to the road, whereas distance to the fault,
distance to the stream, and distance to the lineament had a lower contribution to landslide
occurrence. Finally, the landslide susceptibility index of both models was subdivided into

very low, low, moderate, high, and very high susceptibility classes.

The quality of the proposed models was validated using AUC for the accuracy assessment
of the resulting landslide susceptibility maps. The model was created using a dataset of
past landslides (the training set), and the model was then tested on a different dataset of
landslides that the model had never seen before (the validation set). The model performed
well on both the training and validation sets, indicating that it can accurately predict
landslides in new areas. In this study, the AUC of the success rate and predictive rate
curves ranged between 0.8 and 0.9, indicating the good performance of both methods. The
FR and AHP approaches were validated using the ROC curve. The AUC values for both
approaches were high, indicating that they are both accurate in predicting landslide
susceptibility. The success rate for the FR approach was 0.873, while the success rate for
the AHP approach was 0.87. The predictive rate for the FR approach was 0.81, while the
predictive rate for the AHP approach was 0.80. The results and findings of this study can
help developers, planners, and engineers identify areas that are susceptible to future

hazards.

Based on the results obtained from landslide susceptibility maps, effective and economical
remedial measures can be recommended for moderate, high, and very high susceptibility
zones in the study area. These remedial measures included the construction of retain walls,

drainage system work, vegetation covers, and public awareness and education.
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5.2. Recommendation

Landslides are caused by complex interactions in the natural environment, and these
interactions can be further complicated by human activities. To reduce losses from
landslide hazards, sustained and long-term efforts are needed. Landslides in the study area
are caused by both natural and human factors. Natural factors include intense and
prolonged rainfall, steep slopes, erosion, and shallow groundwater. Human factors include
deforestation and the construction of roads and houses in hazardous areas. Landslides in
the study area have caused significant damage to the environment, agricultural land, roads,

and houses. To reduce landslide hazards in the study area, it is important to:

Reduce deforestation: Trees help to hold the soil in place, so reducing deforestation can

help to prevent landslides.

Avoid building in hazardous areas: Areas that are steep, unstable, or have a history of
landslides should be avoided for development.

Improved drainage: Proper drainage can help prevent water from saturating the soil and

triggering landslides.

Educate the public: Educating the public about landslide hazards and how to reduce their
risk is important for reducing losses from landslides.

By taking these steps, we can help reduce the risk of landslides and protect people and

property in the study area.
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APPENDIX

Appendix | Precipitations of three stations (29yr); Arbaminch, Dara malo and Chancho
stations in millimeter.

S £ c g = 5 2 = = 2 o 5 2 Q ER=
T ¢ S £ = < = = 5 I & © =z Ao £5&
7] <

1992 128 181 271 1648 1402 1319 32 428 1322 1727 59.6 293 963.50

1993 178 1208 344 948 1982 526 31 246 314 117.1 182 1.2 874.40
1994 0.3 41 36.4 1839 1646 599 721 829  29.7 70.3 59.6 188 782.60
1995 04 271 544 256.8 1404 853 216 176 847 109.1 53.6 435 894.50
1996 0.4 327 529 2833 1239 904 234 201 1006 1174 583 29 932.40
1997 16 0.4 18 2408 1725 27.7 61 278 49.1 2146 273.1 152.8 1253.80
1998 66.6 90.1 243 1658 965 412 304 28.2 42 1485 585 0.8 792.90
1999 171 0.7 109 136.9 432 442 79.2 23.9 68.9 203.6 9.7 445  780.90
2000 1.3 0 193 924 2361 407 617 391 704 185.8 56 65.8  868.60
2001 68.7 86.6 56 1753 236.3 529 407 451 1082 1239 851 55 1084.30
2002 429 224 939 1124 565 522 551 124 879 87.7 181 167.2 808.70
2003 135 113 616 2011 1921 981 302 105.5 39.6 894 258 142 882.40
2004 417 312 175 1648 587 348 222 69.9 816 60.9 143 32 758.30
2005 29 14 67.1 3111 2214 163 288 223 774 1206 334 43 933.10
2006 128 839 1374 1154 129.7 126.2 244 752 428 158.7 103.3 118.6 1128.40
2007 634 355 169 1294 1934 1072 1118 993 2464 763 615 O 1141.10
2008 0.6 9 60.1 1351 484 76 33.8 56 200.8 149 817 O 850.50
2009 451 31 285 985 1094 149 14 16.2 413 162.2 141 104 638.70
2010 192 497 191 1779 2222 80.7 397 33.7 1461 951 45 8.3 1068.10
2011 O 286 189 30.7 2575 608 281 847 1548 738 2568 11.6 1006.30
2012 0 2.2 305 319.7 679 723 282 57 193 129.7 793 33.6 1013.40
2013 274 6.9 87.7 2409 1111 87.8 486 33 78.4 245 86.6 7.7 1061.10
2014 8.7 443 712 703 2084 731 151 77 105.2 1322 593 14 866.20

Arbaminch

2015 O 2.7 57.1 1224 1775 1317 194 18.8 64.6 2024 209.4 1153 1121.30
2016 3.4 9.4 39.1 2631 66.3 111 7.9 51.7 252 118.1 956 4.3 795.10
2017 0.6 285 186 912 1883 27 27.4 120.8 92.6 1116 703 O 752.60
2018 O 476 355 220 1356 753 4 36.1 60.6 87 684 171 787.20
2019 O 7.3 124 122.1 200 816.6 79.3 49.7 55.2 181.1 204.5 138.7 1866.90
2020 1232 22.6 1854 240.7 1271 87 37.7 1148 1035 139.3 59.7 1241.00
2021 O 384 26 237.7 1899 247 136.3 33.6 686.60
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Dara Malo

Chancho

1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014

12.3
19.1
1.8

51

16.7
95.7
23.7

134
25
17.4
46.4
24.3
14.6
19.8
2.5
30.7
38.7
1.8
38.2
93.1
43
114.4
125
384
57.5
68.2
53

125

335
16.2

35

92.2
12.7
36.1
15.9

65.7

9.5
17.2
37.3
7.8
59
354
19.8

15
34.1
2.4
140.1
70.8
98.8
41.4
12.9
49.4
49

71.4
10.4
46.5

23.9

67.8
3.3

48.3
19.2
77.6
67.1
87

49
102
89.4
12.7
113.3
169
140.8
64.1
64.3
104.7
48.4
16.3
47.4
216.6
41.4
140.8
167.9
135.7

134.9
134
79.2
27.2

133.6
26.1

39.9
57.2

6.9
24
64.6

83.6
135.9
177.6
202.9
224.2
198.7
144.4
106.8
109.6
206.4
104.5
171
184.3
99.4
140.7
62.4
151
146
205.3
40.4
911
136.9
263.3

39.8
56.1
206.9
79.8
38.7
104.3
50.4
44.1
2.3
109.6
40.4
87.3
86.1
40.9

95.5
115
191.2
81
152
82.4
149.3
55.3
151.7
153.6
114.6
94.2
64.4
291.7
84.8
174.2
88.8
93.9
174.9
209.3
94.8
23.6
37

17
124.5
48.5
4.5
21.7
76.6
75.7
105.9
133.8
6.2
99.2
77.7
47.7

63

99.1
91
52.7
53.3
120.7
68.9
106.1
57
98.4
78.1
35.6
129.6
29
34.2
66.3
88.5
91.9
36
87.7
89.5
146.2

1.3
19.8
158.3
315.8
3151
694.3
196.4
187.2
154
350

294.6
114.6
98.3
264
8.3

776
26.1
715
87.2
86.8
115.7
78.4
1134
94.3
31.9
47
84.7
58
1256
774
1456
30.6
20.7
80.9
140
192.1
2.1

138.6
332.4
720
778.3
1154.8
263.6
394.6
325.1
445.6
491.3
372.5
422.3
622.7
343.4
287.4

28.4
55
153.9
59.6
139.6
96.2
46.9
44.3
83.6
127.3
70.3
178.9
86.9
80.4
121.3
94.9
122.1
62.6
120.3
62.6
26.2
59.7

16.3
276.8
499.5
834.3
778.7
312.6
321.2
276.7
70.4
653.4
333.3
526.7
565.8
273.7
600

128.5
79.8
50.6
81.1
137.8
122
49.1
68.2
68.3
103.2
130.9
94.3
44.2
129.5
71.3
233
128
79.8
78.6
119.6
90.6
42.6
76.3
153.1
38.1
61.5
581.4
360.5
351.3
229.7
124.2

4114

271.7
304.9
415

2354
366.8

61.6
86.3
69.7
82.9
58.5
322.4
116.8
170
166.3
150.6
77.4
54.5
47.8
74.1
150.5
85.2
89.2
1125
46.7

13.2

197.5
152.7
236.1

3.5

115.6
1.5

14.8

29
86.4

684.6

6.2
1.3

53
7.2
86.2
54.9
32.8
364.2
15.8
2.9
20.5
40.8
25.3
38
97.4
46.2
93.8
39.2
96.5
64.1
10

205.8
227.7
172.5
102.3

18.8

52.7
4.4
66.9

3.1
2.5
74.2
8.3
74.8

100.4

72.8
39.1
0

58
85.3
105.1
124.2
0
39.1
27.9
13.4
0
16.2

741.70
726.80
946.50
858.80
1110.70
1503.10
971.20
735.00
808.50
1030.60
891.00
1049.00
805.10
975.60
1061.20
1011.00
822.90
768.00
1132.90
710.00
1237.10
1107.20
1085.70
963.20
1130.20
1965.80
2937.60
3314.20
1317.40
1475.90
1136.20
1123.50
1810.60
1642.40
2219.50
1843.70
1241.70
1434.70
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2015 0 0 125 79 1792 198 3588 7526 551 167 167 9 1606.50
2016 141 0 69 172.8 2376 3485 619.6 2467 82 184 0 1734.90
2017 0O 0 1 166 848 1044 5895 4502 200.1 O 0 1446.60
2018 0 0 316 1264 484 160 5133 4079 919 O 113 134 1404.20
2019 O 83 75 46.2 62 1748 4635 3014 2549 205 65 91 1422.20
2020 0.7 24 110.2 1646 4613 5546 503 217 18 6.5 1411.90
2021 0 18 0 505 6745 4842 672 0 0 335 286 1915.40
Appendix Il Pair-wise comparison matrix of each causative factors
(<B] > 1 1 1 =
= @ o = @) gy = 3 S o 8 e S5
8 s 2 & 4 3 S 5§ 53 ES &G
e 2 @ < O pd = 2= o+ 2 2 2
o 3 ) ) a) Q.=
slope 1 3 4 3 3 5 8 6 9
aspect 0.333 1 3 3 4 4 3 7
333
curvature 0.25 0.333 1 3 3 5 3 5 7 5
LULC 0.333 0.333 0.333 1 3 3 3 3 3 8
NDVI 0.333 0.25 0.333 0.333 1 3 3 3 3 6
Lithology 0.2  0.25 0.2 0333 0.333 1 3 3 3 7
Distance- 0.2 0.333 0.333 0.333 0333 0.333 1 3 3 3
road 333 333 333 333 333
Distance- 0.125 0.2 0.2 0333 0.333 0.333 0.333 1 3 5
fault
Distance- 0.166 0.25 0.142 0.333 0333 0.333 0.333 0.333 1 3
stream 667 857 333 333 333 333 333
Distance- 0.111 0.143 0.2 0.125 0.1667 0.142 0.333 0.2 0.333333 1
lineament 857 333
SUM 3.053 6.093 9.743 11.792 155 22143 22 31.53 33.33333 54
333
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Appendix 111 Normalized Pair-wise comparison matrix of each causative factors

factor slope aspect curvature LULC NDVI Lithology Distance- Distance- Distance- Distance- SUM criteria Criteria

road fault stream lineament Weight Weight (%)
slope 0.327571  0.49238 0.410557 0.254417 0.193548 0.225806 0.227273 0.2537 0.18 0.166667 ' 2.731919 0.273192 27.31919
aspect 0.10919 0.164127 0.307918 0.254417 0.258065 0.180645 0.136364 0.158562 0.12 0.12963 ' 1.818917 0.181892 18.18917
curvature 0.081893 0.054709 0.102639 0.254417 0.193548 0.225806 0.136364 0.158562 0.21 0.092593 ' 1.510531 0.151053 15.10531
LULC 0.10919 0.054709 0.034213 0.084806 0.193548 0.135484 0.136364 0.095137 0.09 0.148148 ' 1.081599  0.10816 10.81599
NDVI 0.10919 0.041032 0.034213 0.028269 0.064516 0.135484 0.136364 0.095137 0.09 0.111111 '0.845316 0.084532 8.453156
Lithology 0.065514 0.041032 0.020528 0.028269 0.021505 0.045161 0.136364 0.095137 0.09 0.12963 = 0.67314 0.067314 6.731395
Distance- 0.065514 0.054709 0.034213 0.028269 0.021505 0.015054 0.045455 0.095137 0.09 0.055556 ' 0.505411 0.050541 5.054113
road
Distance- 0.040946 0.032825 0.020528 0.028269 0.021505 0.015054 0.015152 0.031712 0.09 0.092593 | 0.388584 0.038858 3.885838
fault
Distance- 0.054595 0.041032 0.014663 0.028269 0.021505 0.015054 0.015152 0.010571 0.03 0.055556 | 0.286395  0.02864 2.863951
stream
Distance- 0.036397 0.023447 0.020528 0.010601 0.010753 0.006452 0.015152 0.006342 0.01 0.018519 | 0.158189 0.015819 1.581888
lineament

10 1 100
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Appendix IV Calculated consistency

cC.w 0.273192 0.181892  0.151053 0.10816 0.084532 0.067314 0.050541 0.038858  0.02864 0.015819

factor slope aspect curvature  LULC NDVI Lithology Distance- Distance- Distance- Distance- Weighted ~C.W Ratio
road fault stream lineament  sum

slope 0.273192 0.545675 0.604212 0.32448 0.253595  0.33657 0.252706 0.310867 0.171837 0.14237  3.215503 ' 0.273192 11.77013

aspect 0.091064 0.181892  0.453159  0.32448 0.338126 0.269256  0.151623 0.194292 0.114558 0.110732 2.229182 0.181892 12.25555
curvature 0.068298 0.060631  0.151053  0.32448 0.253595  0.33657 0.151623 0.194292 0.200477 0.079094  1.820112 ' 0.151053 12.04948
LULC 0.091064 0.060631  0.050351 0.10816 0.253595 0.201942  0.151623 0.116575 0.085919  0.126551 1.24641  0.10816 11.52377
NDVI 0.091064 0.045473  0.050351 0.036053 0.084532 0.201942 0.151623 0.116575 0.085919 0.094913 0.958445 0.084532 11.33831
Lithology 0.054638 0.045473  0.030211 0.036053 0.028177 0.067314 0.151623 0.116575 0.085919 0.110732 0.726716 0.067314 10.79591
Distance- 0.054638 0.060631  0.050351 0.036053 0.028177 0.022438 0.050541 0.116575 0.085919  0.047457 0.55278 = 0.050541 10.93723
road

Distance- 0.034149 0.036378  0.030211 0.036053 0.028177 0.022438 0.016847 0.038858 0.085919 0.079094 0.408125 0.038858 10.50288
fault

Distance- 0.045532 0.045473  0.021579 0.036053 0.028177 0.022438 0.016847 0.012953  0.02864  0.047457  0.305148 @ 0.02864 10.6548
stream

Distance- 0.030355 0.025985  0.030211  0.01352 0.014089 0.009616 0.016847 0.007772 0.009547 0.015819 0.173759 0.015819 10.98427

lineament

Where, Amax is 11.28123 and Rl is 1.49
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