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Abstract

Landslide is the most frequently occurring geo-hazard in mountainous terrains of the world. It affects human life, infrastructures,
landscapes, and human properties as well as their day-to-day activities. In the current study area which is found in the Gamo Zone
of south Ethiopia, recurrent landslide hazards have occurred. To minimize this landslide hazard on human life and their prop-
erties, landslide susceptibility mapping is an important step for environmental planning. For this purpose, 1554 landslides and 9
landslide causative factors (both conditioning and triggering factors) were used. Each thematic layer has different classes and
some of these classes influence landslide occurrence more than others. The most influencing factor classes which were identified
by the frequency ratio model include slope classes between12 and 45°; convex and concave classes of the curvature; aspect
classes of north, northeast, south, and southwest directions; and elevation classes in between 2118 and 2492 m. The distances
factors, proximity to streams, and lineaments 0—100 m and 0200 m respectively have a very high on landslide occurrences. Land
use/land cover factor has different classes and they have different levels of direct and indirect influences on landslide occurrences.
The landslide susceptibility map was classified as very low, low, moderate, high, and very high classes each accounting for
17.8%, 29.19%, 28.55%, 17.52%, and 6.91% of the area respectively. To evaluate the reliability of this model, the landslide
susceptibility map was verified using a receiver operating characteristic (ROC) curve with a value of 82% and through field
observation. Therefore, this can be used by local, zonal, regional, and federal governments for land use planning, disaster
prevention, and mitigation as it offers first-hand information.
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Introduction

Landslides are one of the most threatening disasters in moun-
tainous terrain all over the world. They are considered as the
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During landslide studies, there are different terms such as
landslide inventory, landslide susceptibility, landslide hazard,
and landslide risk have been commonly used. These all terms
are their own applications, data types, stages of studies, map-
ping scales, and purposes. From these different terms, land-
slide susceptibility and hazard study are the most confusing
terms. They have standards but most researchers have not
used them separately rather they use them interchangeably.
However, as described in AGS (2000), Guzzetti et al.
(2005), van Westen et al. (2008), and Reichenbach et al.
(2018), their differences were well defined. Based on these
definitions, landslide susceptibility is the probability of poten-
tial occurrence of slope failure, given a set of geo-
environmental conditions. Or landslide susceptibility mea-
sures the degree to which a terrain can be affected by future
slope movement (Reichenbach et al. 2018). As shortly ex-
plained in (Guzzetti et al. 2006), it is an estimate of “where”
landslides are likely to occur. On the other hand, landslide
hazard study includes “where” landslides are likely to occur
(susceptibility component) and also estimates the time “when”
the landslide occurs as well as how frequently it occurs
(Guzzetti et al. 2005; Reichenbach et al. 2018). The current
study was considered the landslide susceptibility mapping ac-
cording to the above definitions.

In the landslide studies, there are two broad approaches
(qualitative and quantitative) with several sub-groups. For
both approaches, landslide studies may use the same methods
with different landslide data types and considerations. As dis-
coursed in different literature (Aleotti and Chowdhury 1999;
Guzzetti et al. 1999; Ruff and Czurda 2008; Raghuvanshi
et al. 2014; Lee 2015; Reichenbach et al. 2018; Shano et al.
2020), the qualitative approaches (heuristic, landslide inven-
tory, geomorphological approaches) evaluation of actual land-
slides compared with characteristics of geomorphology or ge-
ology (e.g., Guzzetti et al. 1999; Ayalew and Yamagishi 2004;
Dahl et al. 2010; Stanley and Kirschbaum 2017). These
methods are strongly dependent on the experience of the sur-
veyors, but they are the only practicable approach for land-
slides caused by different mechanisms. Based on the scale of
study these approaches are applied in all scale ranges (Aleotti
and Chowdhury 1999; Shano et al. 2020). The quantitative
approach is grouped into different categories such as deter-
ministic or mechanical methods that were applied by various
researchers (e.g., Sarkar et al. 2016; Ciurleo et al. 2017; Krusi¢
et al. 2017; Shano et al. 2020) and statistical (e.g., Carrara
et al. 1991; Jager and Wieczorek 1994; Donati and Turrini
2002; Zhou et al. 2002; Meten et al. 2015; Berhane et al.
2020) and machine learning/artificial intelligent (Catani et al.
2005; Pradhan and Buchroithner 2010; Pradhan 2013; Ada
and San 2017; Kavzoglu et al. 2018; Hu et al. 2020;
Kalantar et al. 2020a; Shano et al. 2020; Wang et al. 2020).
Some of the researchers also used hybrid types of approaches
(artificial intelligence with statistical methods) for landslide
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analysis (Chen et al. 2018; Li and Chen 2019; Nguyen et al.
2019). Deterministic method is not applicable in regional-
scale landslide susceptibility analysis due to non-
extrapolation of mechanical data on a small scale and difficul-
ty to collect geotechnical data from large areas. It is favorable
for large-scale engineering design purposes. Statistical ap-
proaches are mostly applied for medium and upper margin
of small-scale mapping or susceptible areas in shallow land-
slides. Machine learning/artificial intelligence uses some sta-
tistical assumptions which are applicable when there is no
mathematical relation between cause and effect (Chowdhury
and Sadek 2012; Shano et al. 2020).

For the current study, the frequency ratio model was select-
ed for landslide susceptibility mapping of the area. This model
is more accurate to map landslide susceptibility classes in each
thematic layer (Hong et al. 2015; Meten et al. 2015;
Rahardianto et al. 2017; Khan et al. 2019; Silalahi et al.
2019; Berhane et al. 2020). It is one of the most widely applied
bivariate statistical approaches for landslide susceptibility
mapping. The occurrence of landslides in the current study
area is mainly related to geological, hydrological, geomorpho-
logical, climatic, and anthropogenic factors that lead to a wide
variety of slope instabilities. Besides, the problems such as
misusing landslide susceptibility and hazard, other problems
related to landslide studies include a random selection of in-
dependent factors, use of inappropriate mapping scale, pur-
pose, and incomplete landslide inventory. However, a selec-
tion of landslide influencing factors is the most basic issue to
evaluate the real condition either of landslide susceptibility or
landslide study. That is needed for a critical field evaluation
and/or image analysis to select the influencing predisposing
factors. Therefore, this study has applied the principles of
GIS-based frequency ratio model following the concept of
landslide susceptibility principles; identified the landslide
conditioning factors of the area based on field evaluation;
and detailed landslide inventory throughout the study area.

The study area

The study area is located in southern Ethiopia (Fig. 1), western
escarpment of the East Africa rift system. At the base of this
escarpment, there are two lakes namely Abaya and Chamo.
The area is accessed in two ways, one is from Arbamich to
Merab Abaya passing through asphalted road about 40 km
and then about 2 km to the north and finally return to west
23 km seasonally gravel road. The elevation of the area ranges
from 1212 to 3046 m and the two lakes have an elevation of
about 1000 m, and the height mountain is 3046 m. The second
option is from Arbaminch through Chencha to Bribir of all
weathered roads with a total distance of about 64 km.

The geology and tectonic setting of the study area are sim-
ple and identifiable although the area is tectonically active.



Arab J Geosci (2021) 14: 623

Page30f18 623

705000 4

700000 4

695000

690000

Legend
A Locality
wr High - 3045.6

- Low: 12116 _|
e —

349000 356000

Fig. 1 Location map of the study area

The area is covered by four lithological units; these are basalt,
ignimbrite, rhyolite, and tuff. Mostly the area is covered by
basalt, which is characterized as highly weathered and frac-
tured. The ignimbrite is highly fractured but less weathered
and covers flat arecas with some steep cliffs. The areal cover-
age of rhyolite and tuff is very small; rhyolite is found in the
castern parts of the study area and the tuff northern part of the
study area. There are tectonic relics in the area with north-
south and northeast to southwest oriented major faults.
These faults are visible in between ignimbrite and basalt units
and also within basalt.

Data types and method
Remote sensing and field data

The Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER)—derived digital elevation model (DEM)
with a spatial resolution of 30 x 30 m was used to generate
geo-morphometric parameters of the study area. These geo-
morphometric parameters are slope, aspect, curvature, and
elevations. Land use/land cover map was derived by using
sentinel images of different bands with various resolutions.
Geological and stream maps were produced by geo-
referenced with the aid of Ethio-top sheet nos. 0637 D1, D2,
and D3 and field surveys.

Landslide inventory

Landslide inventory maps may be prepared by using remote
sensing techniques and/or field surveys. These are the cardinal
data collecting techniques for landslide susceptibility mapping
(e.g., van Westen et al. 2013; Murillo-Garcia et al. 2014; Nhu
et al. 2020; Kalantar et al. 2020b). Landslide inventory is the
principal input data for landslide susceptibility mapping. The
present study used landslide scars from Google Earth pro im-
age and field survey to collect data. A total of 1554 landslides
were collected by using the abovementioned methods. From
1554 landslides, only 65 were used for classification or land-
slide type analysis purposes because these 65 landslides are
more or less active to identify the types of landslides. As of 65
active landslides, 60% (39) are debris while 25% (16) and
15% (10) are earth and rock, respectively.

Landslide causative factors

The spatial distribution of landslides is depending on different
environmental and triggering factors. To identify those fac-
tors, there should be detailed remote sensing image analysis
and field surveys. After a detailed assessment, nine causative
and one triggering factor were selected for first stage analysis.
Those factors are slope, aspect, curvature, elevation, geologi-
cal units, proximity to lineaments, proximity to stream ero-
sion, groundwater, land use/land cover, and rainfall. From
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these factors, groundwater manifestation was discussed in the
text but no map due to subsurface data limitation. In the sec-
ond stage of data analysis, all other predisposing factors and a
triggering factor are highlighted in the following sub-topics
and will be discussed in result and discussion sections as well.

Slope

The slope gradient is the most influential factor which directly
influences soil water content, soil formation, erosion potential,
and slope stability (Riaz et al. 2018; Berhane et al. 2020) (Fig.
2c¢, f). It is a major factor for slope instability and landslide as a
higher slope angle equates to higher shear stress and a greater
tendency to fail if the materials are soil and weak rocks (Abija
et al. 2019). In this study, slope gradient was classified into
five classes. These are 0-5°, 5-12°, 12-30°, 30-45°, and
>45°. This classification is indicated (Fig. 3a), on a slope
map. Some rockfalls have been observed with slope gradients
greater than 45°. These types of slopes are found on ignimbrite
rock units while most scars of normal faults in the area have
angles greater than 45°.

Aspect

Aspect indicates the direction of slope face (0 to 360°). It is
reducing the sunlight to effectively heat the ground which
saves the moisture content of the soil (Akgiin and Bulut
2007; Park and Kim 2019; Wubalem and Meten 2020). In this
research, aspect was classified into ten categories like flat
(—=1°), north (N), northeast (NE), east (E), southeast (SE),
south (S), southwest (SW), west (W), and northwest (NW).
If the area is covered by the shadows of curvature, on the
accumulated rainwater, additional rainfall is added; such types
of conditions highly enhance the probability of landslide

occurrence (Erener et al. 2016; Wubalem 2021). As identified,
the most influencing aspect directions are north, northeast,
southeast, southwest, and west directions (Fig. 3b).

Curvature

In the curvature map, large negative indicates concave, zero,
and both sides near to zero reveal a flat surface and large
positive indicates the convex slope of the area. Slope curva-
ture is related to erosion and groundwater accumulation of the
area (Neuhduser and Terhorst 2007; Weirich and Blesius
2007; Wang et al. 2009; Riaz et al. 2018; Wubalem 2021).
If the curvature is concave there is a high probability of
groundwater occurrence and this groundwater has its own
influence on slope instability. But if the slope curvatures of
the area are convex in shape, this made favorable conditions
for the erosion of the area. Thus, erosion is the dominant factor
of the study area which influenced the slope instability. The
field observation showed that both concave and convex slopes
are composed of soil and highly weathered rock units. This is
also assured in Fig. 3d; the convex class is highly influencing
landslide as compared to concave class.

Elevation

According to a DEM obtained from the Advanced Spaceborne
Thermal Emission and Reflection Radiometer (ASTER), the
elevation of the study area varies from 1000 to 3046 m. The
DEM map of the study area was classified into four classes
(Fig. 3c¢), with these classes landslide training data was com-
bined for landslide analysis. Elevation has an indirect influ-
ence on slope instability or landslide by affecting the rainfall
amount and vegetation coverage. Due to this elevation

Fig. 2 Selected field photographs showing types and characteristics of
landslides, a creep type of landslide due to stream erosion and shallow
groundwater; b landslides on sparsely vegetated, sloppy area; ¢ rock slide

@ Springer

on ignimbrite rock on sloppy area; d rotational landslides on highly
weathered basaltic rocks; e landslides due to toe erosions; f landslide on
alluvial soil around the banks of streams
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variation, annual rainfall at a lower elevation ranges from 400
to 1200 mm and at an upper elevation from 560 to 2300 mm.

Lithology

The lithology of the study area consists of both rocks (tuff,
ignimbrite, and basalt) and soils (residual, colluvial, and allu-
vial) (Fig. 3g) that have different engineering properties.
Lithology is one of the landslide causative factors (Riaz
et al. 2018; Berhane et al. 2020). When the rock unit is loose
and fragile, the probability of landslide occurrence will in-
crease. The study area is covered dominantly by two lithologic
units (basalt and ignimbrite) from which basalt covers 60%
and ignimbrite 30%. Basalt is found in the cliff and mountain
part of the study area. It is highly fractured and weathered and
it is difficult to characterize basalt because most of the basalts
are extremely fractured and weathered. Ignimbrite covers the
flat land and some steep slopes of the study area. It is moder-
ately fractured and slightly weathered. By visual inspection,
the soil of the study area consists of silt, sand, and gravel along
stream channels and banks. At the foot of the mountain, there
are mixed colluvial and alluvial soils. At the top of the moun-
tain and flat plateau land, residual soil that contains fine-
grained soils and rock fragments was encountered.

Proximity to lineaments

Lineament geometry and fault rupture have a direct influence
on the distribution of landslides (Mahmood et al. 2015; Riaz
et al. 2018). The lineaments of the areas were identified from
the ASTER image with a resolution of 15 m x 15 m and were
checked during field surveys. These lineaments were delineat-
ed on this image and exported into ArcGIS10.4. The
Euclidean distance method was applied in the ArcGIS envi-
ronment to buffer lineaments into a distance to lineament the-
matic layer of five classes, i.e., 050 m, 50-100 m, 100-150
m, 150-200 m, and >200 m (Fig. 3e). These buffering dis-
tances were fixed based on Google image interpretation and
field observation. In general, landslide density decreases as
the distance to lineament increases (Table 1).

Proximity to stream erosion

Streams/rivers facilitate slope failures/landslides by eroding
the supporting geological materials, increasing the moisture
content, and increasing groundwater level (Berhane et al.
2020) (Fig. 2a, ¢). There are two small rivers that receive water
flow from very small tributary streams. These small rivers are
named the Mezo and Shafe Rivers. The Mezo River starts
from the southern part of Birbir towards the rift center. The
initial points of both rivers are very rugged topography and
very small streams which start from very rugged topography
towards flat land. When these streams flow from initial points

to the rift floor, there are lots of river incision, erosion, and
land sliding. When the flow of streams is concentrated from
original points towards these rivers, the eroding power will
increase which may initiate landslides. From the lower parts
of the study area, the slope gradient decreases as the eroding
power of streams decreases. Mostly, landslides are concentrat-
ed near the stream channel in steep slope areas. A buffering
analysis was carried out on streams using Euclidean distance
buffering in ArcGIS to classify the distance to stream factor
into five classes of 0-50 m, 50—-100 m, 100-150 m, 150-200
m, and > 200 m (Fig. 3f). The frequency ratio value was
greater than 1 in the distance to stream class of 0-50 m indi-
cating the highest probability of landslide occurrence in this
class (Table 1).

Land use/land cover

Anthropogenic factors are human activities—related factors
and other living things that affect the environment. In this
research, the land use/land cover factor is categorized into
seven groups. These are settlement, agricultural land,
grazing land, bare land, waterbody, moderate forest, and
sparse forest (Fig. 3h). The anthropogenic factor is one of
the conditioning factors that bring the slope stability to a
marginal point of sliding. Human beings are destroying
their environment and are destroyed by their environ-
ments. For example, they destroy plants and grasses and
divert stream channels in turn these initiate erosion and
landslide. During fieldwork and remote sensing image in-
terpretation, these are visible activities and processes. The
settlement number increases and the destruction of trees
highly expanded. As a result, several gully erosion facil-
itated shallow landslides in the present study area. As
described in (Shu et al. 2019; Mersha and Meten 2020)
land use/land cover is the most influencing factor for
rainfall-triggered landslides.

Groundwater

Groundwater is one of the internal initiating conditioning
factors for deep landslides (Fig. 2a, d). It facilitated the
occurrence of landslides with a failure surface greater than
5 m (Ayalew 1999; Van Asch et al. 1999; Nhu et al. 2020).
This groundwater is initiating landslides by developing pore
water pressure within geological material, lubricating fail-
ure surfaces, and increasing stress on failure surfaces. Most
landslides in the current study area were identified around
flowing springs thereby developing a failure surface.
Majorities of landslides that occurred due to groundwater
influences are debris and earth flows which were found in
Layo triga, Manana, and Done localities. Some failure sur-
face exposures revealed that sliding taking place when the
groundwater flows from fractured rock to soil layer due to
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Table 1 Frequency ratio values
of each class of all thematic layers Factor

Class Pixclass  %class Pixelland sl ~ %landslide ~ FR
Slope (degree) 0-5 35,267 11.3 317 4.61 041
5-12 98,486 31.5 1348 19.61 0.62
12-30 151,182 484 4045 58.84 1.22
30-45 25,799 8.3 1139 16.57 2.01
>45 1861 0.59 26 0.38 0.64
Aspect (degree) Flat (1) 37 0.012 0 0 0
0-22.5 18,220 5.83 660 9.6 1.65
22.5-67.5 42,895 13.72 1352 19.67 143
67.5-112.5 56,750 18.15 985 14.33 0.79
112.5-157.5 63,840 20.42 936 13.61 0.67
157.5-202.5 46,145 14.76 1097 15.96 1.08
202.5-247.5 29,105 9.31 873 12.70 1.36
247.5-292.5 23,069 7.38 284 4.13 0.56
292.5-337.5 19,417 6.21 342 4.97 0.80
337.5-360 13,117 4.20 346 5.03 1.20
Elevation (m) 1212-1729 53,419 17.09 184 2.68 0.16
1730-2118 116,531 37.28 2234 32.49 0.87
2119-2492 73,492 23.51 3069 44.64 1.90
2493-3046 69,153 22.12 1388 20.19 091
Curvature Concave 157,254  50.31 3453 50.23 1.05
Flat 4264 1.36 80 1.16 0.85
Convex 151,077  48.33 3342 48.61 1.21
Proximity to stream (m) 0-50m 17,885 17.83 807 31.95 1.79
50.1-100 m 25,659 25.58 648 25.65 1.00
100.1-150 m 26,959 26.88 651 25.77 0.96
150.1-200 m 29,809 29.72 420 16.63 0.56
Proximity to lineament (m)  0-50 m 4408 19.90 198 2491 1.25
50.1-100 m 5562 25.12 233 29.31 1.17
100.1-150 m 5977 26.99 189 23.77 0.88
150.1-200 m 6199 27.99 175 22.01 0.79
Geological units Basalt 188,514 61.86 5429 79.00 1.28
Ignimbrite 7296 2.39 263 3.83 1.60
Tuff 28,520 9.36 513 7.465 0.80
Residual soil 2266 0.74 69 1.00 1.35
Colluvial 77,738 25.51 556 8.09 0.32
Alluvial 391 0.13 42 0.61 4.76
Land use/land cover Agricultural land 99,708 32.72 2675 38.93 1.20
Water body 257 0.084 0 0 0
Bare land 3001 0.985 78 1.135 1.15
Sparse forest 96,685 31.73 3373 49.1 1.55
Moderate forest 33,645 11.041 40 0.582 0.05
Range land 1215 0.39872 0 0 0
Settlement 71,102 23.33317 708 10.30 0.44
Triggering factor

increment of pore pressure. As described above, some deep

landslides are near Mezo stream and at north-eastern part of

Birbir, due to more than 10 houses being demolished and 80

people displaced.
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landslides from the marginal point to sliding the geological
materials in the different slope levels. In the present study
area, the most triggering factor is prolonged and heavy rain-
fall. Almost all landslides have occurred in the area due to
prolonged rainfall. In this Gamo Mountain Chain, the monthly
and annual minimum and maximum rainfall are 35 to 180 mm
and 580 to 2400 mm, respectively. In addition to rainfall, there
is earthquake occurrence but there is no archived earthquake
catalog data with respect to landslide occurrence in the study
area. Hence, the frequency ratio model that was applied in this
study did not consider earthquake as a triggering factor but
rainfall was considered as a triggering factor in the analysis.

Landslide susceptibility

The landslide susceptibility is the spatial propensity of the
slope. For this analysis, the first step was to collect the land-
slide inventory data with the aid of Google Earth image and
field survey. The analysis was done by using the frequency
ratio approach (Hong et al. 2015; Rahardianto et al. 2017;
Khan et al. 2019; Silalahi et al. 2019). Based on this frequency
ratio model, the area was classified into five susceptibility
classes of very low, low, medium, high, and very high.
During this analysis, different landslide areas and influencing
factors were associated and analyzed. These include geologic
(lithology and soil type), morphometric (slope gradient, as-
pect, curvature, and elevation), distance (proximity to linea-
ment, and proximity to stream), land use/land cover, and hy-
drological (groundwater, and rainfall) factors which were se-
lected for susceptibility analysis.

Frequency ratio

This research was used for landslide susceptibility analysis by
applying a statistical approach, frequency ratio. For landslide
analysis or zonation by frequency ratio method, it needs all
maps in raster format. The basic software, the current research
applied was ArcGIS and Microsoft excel. All maps were pre-
pared in the same format, same coordinate, projection system,
and same pixel size; in this case, 30-m*x30-m pixels were
used. After preparation of all the selected factors in these for-
mats, the frequency ratio analysis was applied. These maps
have different formats such as vector and raster maps. Vector
maps in this research are lithologic, land use/land cover, line-
aments, streams, and landslide inventory maps. Raster maps
are those maps derived from DEM data. Those maps in the
form of vectors or polygons/points should be rasterized before
being used in the frequency ratio model. To rasterize those
maps, the conversion tools to raster format were used.

In short, to produce the landslide susceptibility map by
using the frequency ratio model, there are nine basic steps
followed. These are (1) landslide inventory map preparation,
(2) different factor map preparation; (3) rasterization of some

of the maps initial not in the form of raster; (4) reclassifying all
factor maps; (5) integrating each factor map with landslide
training map/inventory map; (6) calculating the frequency ra-
tio of each factor map; (7) encoding all factor maps with
frequency ratio values; (8) by summing up all factor maps
together on Map algebra; and (9) finally, reclassify into dif-
ferent susceptibility classes. This research applied these all
steps and produced the landslide susceptibility map by using
the frequency ratio model. When we use any familiar statisti-
cal method, the difficulty is not about understanding the con-
cepts behind them but narrating all the steps to be followed
sequentially. This frequency ratio model is one of the statisti-
cal methods that underwent through all the aforementioned
steps to produce a landslide susceptibility zonation map.
Before classifying the landslide susceptibility map, the sum-
mation of frequency ratio raster maps should be done as indi-
cated in step 8 above.

Thus, a frequency ratio for a parameter class greater than
one shows a strong correlation for landslide occurrence
whereas a frequency ratio less than one indicates a low corre-
lation of the factor class with the landslides (Lee and Min
2001; Chimidi et al. 2017; Mersha and Meten 2020). The
frequency ratio (FR,) can be expressed as Eq.1:

%Ls

FRd:—%Am (1)

where “FR,” is the frequency ratio for the causative factor
class, “%Ls” is the percentage of landslides in a causative
factor class, and “%Am” is the area of the causative factor
class as a percentage of the entire map.

Furthermore, the landslide susceptibility index (LSI) for
each pixel is the summation of total overlapped pixels and is
given by Eq. 2:

LSI = Y"_,FR, (2)

If the LSI value is high the landslide hazard is considered to
be high. The LSI can also be represented as the landslide
hazard index (LHI) (Pradhan and Lee 2009; Pradhan et al.
2010; Shano et al. 2020).

Result and discussion
Landslide inventory analysis

Landslide inventory is a collection of landslide scars or distri-
bution by using remote sensing images or/and field observa-
tions. It is the simplest form of landslide mapping if there were
archived landslide data. However, the collection of landslide
inventory is somewhat difficult from multi-temporal image
analysis to know the series of landslide occurrence within
the specific time. This landslide inventory map is classified
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into different categories based on purpose, scale, length of
time for investigation, the budget allocated for investigation,
and type of investigation (landslide susceptibility or hazard).
Based on the type of mapping, the landslide inventory map
can be classified as an archive or geomorphological inventory
(Guzzetti et al. 2000; Malamud et al. 2004; Guzzetti et al.
2012). An archive inventory shows the information on land-
slides that were taken from different literatures or other ar-
chive sources (e.g., Taylor and Brabb 1986; Guzzetti et al.
2012; Dagdelenler et al. 2020). In the present study area, there
was no literature or other archive sources to be used in the
analysis. Due to this, the current study did not use such type of
information. The second category is geomorphological inven-
tories which can be divided into historical, event, seasonal, or
multi-temporal inventories (Guzzetti et al. 2012). This re-
search used historical and seasonal landslide scars for land-
slide inventory due to lack of event or archived datasets.

The main importance of landslide inventory map is the past
landslide used to predict the future landslide occurrence; to
know the location or density of landslide; to identify the mech-
anism of failure; and to validate landslide hazard and risk
maps (Varnes and IAEG 1984; Carrara et al. 1991, 1995;
Erener and Diizgiin 2011; Kalantar et al. 2020b). According
to van Westen et al. (2005), the spatial data for landslide
susceptibility, hazard, and risk analysis are mainly grouped
into four. These are landslide inventory data, environmental
factors, triggering factors, and element at-risk data. Of these,
the landslide inventory is considered to be the most important
data because it reveals the location of landslide phenomena,
the types, failure mechanisms, causal factors, frequency of
occurrence, volumes, and the damage that has been caused.

Furthermore, a landslide inventory is an important compo-
nent of the spatial database, which records the details of the
existing landslides and helps in the analysis of the connections
between landslides and influencing factors. Therefore, in this
research, the past and current landslides have been identified
from Google Earth image interpretation and field observation
(Fig. 4). This research selected polygon-based inventory as it
contains not only landslide initiation areas but also run-out
areas, including valleys that had been affected by debris flows
and areas that are prone to landslides as stream banks, cuts
slopes, and cliffs.

This inventory map of the area reveals that landslides are
concentrated in the areas which are closer to lineament or
fault, river banks, and sloppy areas. According to the
size of the landslide, large-scale landslides occurred in
the Zalagutisha kebele, Layo tirga, and Birbir villages.
In these areas, the relics of old landslides were clearly
observed. In general, a series of large-scale landslides
have occurred in these areas.

For this analysis, the landslide inventory map was system-
atically divided into two groups which constituted training
data 70% and testing datasets 30%.
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Landslide causative factor analysis

The selected landslide causative factors include geo-
morphometric factors (slope gradient, aspect, curvature, and
elevation), geologic units (lithology and soil types), distance
factors (proximity to lineament and streams/rivers), ground-
water, land use/land cover, and rainfall (Riaz et al. 2018;
Mersha and Meten 2020; Wubalem 2021). To evaluate these
factors, the result of the frequency ratio values of each factor
class in each thematic layer was used. Eight predispos-
ing and one triggering factor with landslide inventory of
different classes were prepared (Fig. 5(a—h)) to be ana-
lyzed using the frequency ratio model. The eight finally
selected factors have their own level of influence on the
slope stability of the study area. These levels of influ-
ence are revealed in Table 1 and Fig. 5.

Morphometric factors are one group of landslide influenc-
ing factors that are identified in this research work. These
factors include slope curvature, slope gradient, slope aspect,
and elevation. When the researcher used the frequency ratio
model for landslide susceptibility analysis, it focused to iden-
tify the effect of the various classes within each thematic layer.
For instance, the slope curvature was classified into three clas-
ses, namely concave, flat, and convex. The concave class has a
negative value which indicates that from both sides of the
slope curvature surface and local groundwater flow towards
one direction and is influenced by accumulated water in the
concave area. This accumulated water develops groundwater
pressure and initiates landslide occurrence (Van Asch et al.
1999; Duman et al. 2005; Riaz et al. 2018). There are many
landslides that have occurred in the central, southwestern, and
northern parts of the present study area under this condition.
The influence of concave slope is represented in Fig. Sa,
which however showed that the convex-shaped slopes have
a greater degree of influence as compared to the concave ones.

In the flat curvature, there is no significant landslide occur-
rence that is registered to mention in this type of area. As
indicated in Fig. 5a, the landslides were initiated in the convex
parts of the slope curvature due to erosion. In profile curva-
ture, both concave and convex slopes are considered as con-
ditioning if the area is composed of soils and/ or highly weath-
ered rocks. It affects the acceleration and deceleration of
downslope flows, which is the result of erosional and deposi-
tional processes, causing landslides (Wang et al. 2015; Pal and
Chowdhuri 2019).

The slope gradient is an essential component of the land-
slide influencing factor set which indicates how steep the
ground surface is. The slope has a range between 0 and 90°,
which correspond to the flat and vertical slopes, respectively.
In the study area, the minimum slope angle is 0°, and the
maximum of 79°. Slope angle is classified into five classes
of 0°-5°, 5°-12°, 12°-30°, 30°-45°, and greater than 45°.
From these four classes, the most landslide influencing classes
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Fig. 4 Landslide inventory maps that reveals the spatial distribution of landslide

are 12°-30° and 30°—45° that are indicated in Fig. 5b. The
materials in these slope classes are composed of different
types of soils and highly weathered and fractured rocks which
decrease the shear strength of these geological materials.

The slope aspect is one of the most influencing factors of
slope instability (Budimir et al. 2015; Abdulwahid and
Pradhan 2017). It affects the slope’s exposure to sunlight,
wind, and rainfall thereby affecting the weathering of rock
and the moisture content of the geological materials. The as-
pect map of the study area was classified into ten classes of
flat, north, northeast, east, southeast, south, southwest, west,
northwest, and north (Fig. 5¢) among which the north, north-
east, south, and southwest aspect classes the most landslide-
prone classes.

Elevation in the study area, which ranges from 1212 to
3046 m, affects the vegetation cover and the amount of rain-
fall. Some studies argued that soil texture is commonly related
to elevation in which finer materials are found in the

downstream (lowland) areas while coarser ones in the upper
stream (highland) areas (Gémez and Kavzoglu 2005; Erener
et al. 2016). In addition, climate and vegetation cover also
vary with elevation. In this study, elevation was classified into
four classes of 1212-1729 m, 1729-2118 m, 2118-2492 m,
and 2492-3046 m. In the third elevation class (2118-2492 m),
the probability of landslide occurrence is higher (Fig. 5d) due
to the steep slope and the presence of several springs. In the
study area, there were no sufficient rain gauge stations.
Proximity to stream/river is an important factor in this
study as rivers and streams cause gully erosion and landslides.
The landslides due to gully erosion were found in Layo Tirga,
Menena, Done, Sula, and Morede areas. Consequently, there
are several shallow and deep-seated landslides in these areas.
All the way from the apex to the mouth of streams, there is
slope toe erosion and saturation of the geological material
thereby increasing its weight. These stream erosions have cre-
ated small gully to large gorges thereby causing small shallow
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landslides with very short run-out distance and gorges with
large-scale landslides respectively. Large streams in the area
cause slope instability and carry sediments to rift valley (flat
land) or to the flat land at bottom of fault scars. As described in
different literatures (Benda and Dunne 1997; Korup et al.
2004; Schuerch et al. 2006; Fuller et al. 2016; Shu et al.
2019), a landslide is the main source of sediments in moun-
tainous terrains. Among the five classes of proximity to
streams ranging from 0 to 50 m and 50 to 100 m are the most
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influencing ones in causing landslides (Fig. 5e) as these
caused slopes undercutting, increment of moisture within geo-
logical materials, and fluctuation of groundwater level.
Groundwater is the most important factor which affects or
initiates deep-seated landslides in the present study area. This
was identified in the field, a number of springs were visible at
the bases of failure surface of active landslides and as well as
the location of old landslides also with different volumes of
discharges. Field observation showed that most of the deep-
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seated landslides were caused by groundwater conditions.
Some of the springs in this study area are flowing through
rock fractures and others are discharged between the contacts
of soils and rocks. Landslides due to groundwater are found in
different land use/land cover areas.

The environment of rock and soil formation, its composi-
tion, compaction, weathering, etc. affect slope instability as
these have an impact on the strength of geological materials
which resulted in uneven landscape modification (Fig. 4).
Ground modifications are affecting human activities.
Landslide is one of the ground modification processes which
affect human lives and their day-to-day activities. The litho-
logic units in the study area include basalt, ignimbrite, tuff,
alluvial soil, colluvial soil, and residual soil. From rock units,
basalts and ignimbrite are the dominant rock units in the study
area based on their areal coverage (Fig. 3g). In ignimbrite
rock, various sized landslides such as rockfalls and rock
slides were found in the south, east, and central parts of
the study area. The landslides observed in basaltic rocks
are debris and a few rock slides.

Geological structures considered in this study were mega-
scopic structures or tectonic structures. Tectonic structures are
buffered based on the effect of these structures. As the dis-
tance from the fault/lineament increases, the number of land-
slides decreased. In the fault area, the crushing of rocks in-
creases but the strength of rocks decreases. This fault zone is
also an area where many springs are emanating near the fault
line. In addition to the north-south oriented major faults, there
are some fractures oriented to the same directions with the
major fault with small distortion. The buffering analysis of
lineaments/faults and fractures/ produced the distance to line-
ament classes of 0-50 m, 50-100 m, 100-150 m, 150-200 m,
and > 200 m in which the first four classes have a significant
contribution to landslide occurrence (Fig. 5f).

The final landslide susceptibility map was produced by
combining the § landslide conditioning factors that are listed
in Fig. 5. Then, the predicted probability values have been
classified into five susceptibility classes of 0-0.2, 0.2-0.4,
0.4-0.6, 0.6-0.8, and > 0.8 for very low, low, moderate, high,
and very high susceptibility classes respectively with their
corresponding area coverage of 17.83%, 29.19%, 28.54%,
17.52%, and 6.91%.

Model validation and evaluation

The receiver operating characteristic (ROC) curve was used to
evaluate the prediction performance of the landslide suscepti-
bility model (Shano et al. 2020). The model validation is the
most important step which was applied before the write-up of
the interpretation of the model. There are different types of
landslide susceptibility or hazard model validation methods if
models were produced by the statistical, multi-criteria deci-
sion, and artificial intelligence. These are density overlying,

field observation, success rate curve, and receiver operator
characteristic curve (Zhou et al. 2002; Shano et al. 2020).
Although this step is very important, it has not scientifically
tested AUC value assignment from ROC (Chung and Fabbri
2003). A receiver operating characteristic (ROC) curve plots
the true positive rate (sensitivity) against the false-positive rate
(1-specificity) (Zhou et al. 2002; Baeza et al. 2009;
Krzanowski and Hand 2009; Shano et al. 2020). Generally,
as sensitivity increases, specificity also increases. The current
research was to evaluate the landslide susceptibility model by
using a receiver operating characteristic (ROC) curve and this
was supported by field observation. The result of AUC which
is indicated in Fig. 6 shows that the success curve is 82% and
the predicate rate curve is 78%.

Discussion

In this study for the frequency ratio model, eight predisposing
factors were selected. The causative factors selected for land-
slide susceptibility mapping were slope, aspect, curvature, el-
evation, proximity to stream, proximity to lineament, litholo-
gy, and land use/land cover. Although the spatial distribution
of rainfall map of the area was not prepared due to the small
area nature and less number of well-distributed rain gauge
stations of the current study area, rainfall is still considered
as a triggering factor. These selected factors can be grouped
into four categories, i.e., morphometric, hydrological, geolog-
ical, and land use/ land cover. Accordingly, these factors will
be discussed one by one in the following paragraphs as to why
and how they are influencing the landslide susceptibility in
their different classes. The first group is DEM derivative or
morphometric factors, for example, slope, aspect, curvature,
and elevation. The result of the frequency ratio in Fig. 5 (a—h)
indicates the degree of each factor class’s influence towards
landslide occurrence. Among the five slope classes, the two
classes (i.e., 12-30° and 30-45°) have a frequency ratio value
greater than 1 which shows their high degree of influence in
causing landslides (Fig. 5b). As these slope classes are cov-
ered by soil and highly weathered rock units, highly affected
by gully erosion and agricultural activities, and have high
concentration of springs as well as geological structures/ lin-
eaments, many landslides occurred. These two slope classes
are the most landslide-prone sections that need remedial mea-
sures to reduce landslide hazards.

The slope aspect has ten classes among which five classes
(i.e., north, northeast, south, southwest, and north) have the
highest degree of influence on landslide occurrence (Fig. Sc).
This is because slope aspect controls slopes’ exposure to sun-
light, wind, and rainfall. Due to these conditions, the moisture
content increases within geological materials. Curvature has
three classes in which two of them are more influential on
landslide occurrence and their frequency ratio values are
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Fig. 6 ROC curve of frequency
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greater than one. This is due to groundwater accumulated in
concave curvature while erosion is active in convex curvature.
Soil mass and/or highly weathered rock units were visible in
these types of the area. When coming to elevation, it has also a
great influence on the slope instability. Once the elevation in
the study area increases, the rainfall amount also increases.
Due to different types of vegetation and the high amount of
rainfall at higher elevations, the area has thick soil with high
moisture content. Because of these factors, landslides are oc-
curring more frequently in the higher elevation than at the
lower elevation (Fig. 5d).

Geological units that affected the present study area are
lithology and soil types. The parameters included under this
factor are basalt, ignimbrite, tuff, colluvial soil, alluvial soil,
and residual soil. Most of the landslides are concentrated on
basalt, ignimbrite, residual, and alluvial soils. This is because
the basaltic rock unit covered the steep slope parts of the study
area; it is highly affected by tectonic structures. Springs with
different volumes of discharge are found along these geolog-
ical structures and presence of deep local weathering. So that
landslide distribution concentrated along and around fault
zones. Ignimbrite is the second abundant lithology in the study
area in which some fault scars are exposed at the lower part of
the flat land. The landslide types observed on this rock unit are
some rock slides and rock block fails. Alluvial and residual
soils are the soil types in which landslides are frequently found
(Fig. 5g). The number of landslides which were found on
alluvial and residual soils has exceptionally very high-
frequency ratio values. This is due to erosion activity of the
streams on alluvial soils and due to intense cultivation, high
groundwater occurrence, and steep slope in residual soils.

The proximity factors used for landslide susceptibility
mapping are proximity to lineament and stream/river erosion.
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The tectonic structures are buffered outward from the imagi-
nary center line to 200 m far away from the center. As the
frequency ratio model indicated, landslide density is decreas-
ing from an imaginary center line to 200 m. This is because the
rocks around the fault zone are highly fractured and deeply
weathered as well as plenty of springs along the fault zones.
Besides, some of the streams flow along these tectonic linea-
ments. The second proximity factor was stream erosion which
has a great influence on landslide occurrences. To characterize
their influence on landslide were buffered in the distances of
0-50 m, 50-100 m, 100-150 m, 150-200 m, and greater than
200 m. These classes were ranged based on the influence of
stream on landslide occurrence. In the first class or near the
banks of streams, there are a number of landslides that have
been occurred due to toe erosion, increasing weight of geo-
logical materials, and decreasing the shear strength. These
landslides are characterized at initial points of the stream
where there were shallow landslides and averagely the sizes
are increasing in the flow direction of streams. This is because
the stream size increase as the size of the gully also increases
and initiated large landslides.

The hydrological factors include groundwater level and
rainfall. To discuss groundwater, there was subsurface data
limitation. However, based on the field surveys, most of the
deep-seat landslides which are the depth of failure surface
greater than 5 m were caused by groundwater. The car-
dinal evidence observed in the field is that springs at
the base of the failure surface and around different cor-
ners of the failure surface. The landslides of the area
are triggered by prolonged and heavy rainfall. The high
prolonged and heavy rainfall of the area mostly oc-
curred in the months of April, May, September, and
October; the monthly rainfall is greater than 170 mm.
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Land use/land cover of the area has seven classes including
agricultural land, settlement, bare land, rangeland, water body,
sparse forest, and moderate forest. From these classes, land-
slides are most frequently found on agricultural land and
loose/sparse forest classes. Relatively several numbers of
landslides were also encountered in sparse forest areas of the
study area. Vegetation covers can either promote a landslide
(which is a negative effect) or control a landslide (which is a
positive effect). The frequency ratio indicated that forest cover
of this specific area has a positive effect. In addition, the area
with sparse forest is more affected by landslides than the area
with moderate forest. Due to hydrological and mechanical
effects, forest covers reduce landslide occurrences. In the hy-
drological processes, plants absorb water through roots and
reduce the water content in the void spaces of soil grains and
rock fractures. Plants with long roots are connecting together
the geological materials below and above the failure surface
thereby increasing the shear strength of geological materials.

The main advantage of frequency ratio model is that
each input parameter is compared independently with the
landslides training map. This preformed the pixels of a
class of reclassified factor map and the pixels of
reclassified landslide training map independently calculat-
ed and the percentage of training class over the percentage
of a class of factor map is known as frequency ratio. Due
to this advantage, frequency ratio analysis is applied in
this study independently. The values of each input param-
eter are simply added by using map algebra in the ArcGIS
environment in the final compilations of the resulting
landslide susceptibility map was map produced.

When the researcher read the landslide susceptibility map,
there are different colors and naming of the landslide suscep-
tibility map (Fig. 7). The naming in this map has its meaning
based on the conformation of the real observation in the field.
The name of the susceptibility zone and the description are
represented in Table 2.

Fig. 7 Landslide susceptibility
map
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Table 2  Description of each zone in the landslide susceptibility map

Landslide distribution Description

Susceptibility classes Descriptor Total pixel
=312,579 in each class
No of % area
pixels coverage
Very low Rare 55,742 17.83202 6
Low Unlikely 91,253 29.19209 51
Moderate Possible 89,233 28.54588 124
High Likely 54,755 17.51628 273
Very high Almost certain 21,596 6.90862 1100

The event is conceivable, but only under exceptional circumstances
The event might occur under very adverse circumstances

The event could occur under adverse conditions

The event will probably occur under adverse conditions

The event is expected to occur

Conclusion

The results from the frequency ratio model indicated that with-
in different thematic factors, there were various classes with
their own influences on landslide occurrence. The slope class
has five classes among which two classes of 12-30° and 30—
45° have a significant impact on landslide occurrence as they
have frequency ratio values of 1.22 and 2.01 respectively. The
contribution of land use/land cover in facilitating landslides in
these slope classes was very high. From frequency ratio model
analysis, the slope curvature, both convex and concave shaped
classes also contributed significantly in initiating landslides.
This thematic layer has more influence on the soil and highly
weathered basalt of the study area. These convex and concave
classes are related to groundwater and stream erosion. Aspect
is also one basic factor initiating landslides in the study area in
which the north, northeast, southeast, south, and southwest are
the main influencing aspect classes. Elevation has also an
indirect influence on landslide occurrence. Geological units
are consisting of rocks and soils found in the study area and
they have a tremendous influence on landslide occurrence.
The proximity to lineament classes of 0-50 m, 50-100 m,
100-150 m, and 150-200 m and land use/cover classes of
sparse forest, barren land, and agricultural land have a signif-
icant contribution to landslide occurrence. The frequency ratio
model of landslide hazard zonation in the present study area is
most applicable for factor-class-based remedial measures.
Based on the frequency ratio model, all eight factors have their
own clear influence on landslide occurrence. Therefore, to
minimize landslide occurrence of the area better to take action
on these factors or evacuate the local settlers.
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