
Assessment of the Effects of Rainfall
Frequency on Landslide Susceptibility
Mapping Using AHP Method: A Case Study
for a Mountainous Region in Central
Vietnam

Chi Cong Nguyen, Phuoc Vo, Viet Long Doan, Quang Binh Nguyen,
Tien Cuong Nguyen, and Quoc Dinh Nguyen

Abstract

Vietnam’s mountainous regions often encounter land-
slides, frequently resulting in fatalities, infrastructure
damage, and landscape destruction. A landslide suscep-
tibility map is an effective tool for mitigating disaster
impacts on hazard-prone areas. This study investigates the
applicability of the Analytic Hierarchy Process to produce
a landslide susceptibility index. Eight major impact
factors are analyzed using SAGA, a GIS-based toolkit,
including slopes, aspect, land use, soil type, elevation,
distance to road, distance to stream, and antecedent
rainfall. Four landslide susceptibility maps are produced
corresponding to frequency scenarios of 3-day antecedent
rainfall data which is taken from Regional Frequency
Analysis (RFA). We assess the modeling performances
using Area Under the Curve (AUC) index and the results
show that the AHP model has good performance. The
findings demonstrate a significant influence of rainfall

antecedent conditions on the susceptibility map of
landslides in this study area.
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1 Introduction

Landslide is one of the most regular natural catastrophes in
mountainous areas. The term landslide refers to the move-
ment of a mass of rock, debris, or earth down a slope under
the influence of gravity (Cruden and Varnes 1996). In places
that are impacted by landslides, it is common to have sig-
nificant damage to numerous houses, as well as infrastruc-
ture and agriculture. Landslides are governed by many
causative factors, namely geological, hydrological, land
cover, morphological, and other factors (Reichenbach et al.
2018). Understanding the influences and mechanisms of
these factors on landslides would be significant for the
prevention and mitigation of damage from the landslides.

The landslide susceptibility map is considered an effec-
tive way to prepare and react in advance to avoid disasters.
The map would highlight potential areas for landslides that
are likely to occur in a specific area under the influences of
causative factors (Brabb 1985). Many approaches have been
applied for developing susceptibility maps and can be cat-
egorized into five classes (i) geomorphological mapping,
(ii) analysis of landslide inventories, (iii) heuristic approa-
ches, (iv) process-based methods, and (v) statistically based
modeling methods (Khan et al. 2019).

The above methods can be grouped into quantitative and
qualitative techniques. Quantitative techniques tend to
develop susceptibility maps based on evaluating relation-
ships between landslides inventory and governing factors for
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projecting probabilities of landslides (Guzzetti et al. 1999;
Khan et al. 2019; Reichenbach et al. 2018). On the other
hand, qualitative techniques estimate landslide sites accord-
ing to the use of landslide inventory subjectively and tradi-
tionally (Khan et al. 2019; Guzzetti et al. 1999). On the one
hand, quantitative techniques are likely to give more appro-
priate susceptibility zonation for high-quality monitoring
data. On the other hand, qualitative techniques are more
suitable for large areas but often provide low-quality data.

One of the qualitative techniques- the Analytic Hierarchy
Process (AHP) method (Saaty 1987; Saaty and Vargas 1991)
can be a practical approach to solve data quality problems.
This approach is widely used in landslide susceptibility
analysis (Pradhan and Althuwaynee, Reichenbach et al.
2018; Pourghasemi et al. 2012). The method is especially
suitable to provide zonation at provincial and regional
scales. AHP would rank and weigh the contribution of fac-
tors based on the expert judgments (Hansen 1984). Each
causative factor have been analysed attentively for figuring
out its impacts on landslide susceptibility analysis. The
assessment can be called semi-quantitative (Reis et al. 2012;
Van et al. 2016). It can be used efficiently to predict land-
slide susceptibility over large areas (Kanungo et al. 2012).

The results of a landslide susceptibility zonation strongly
relies on landslide monitoring data; however, the quality of
monitoring data in Vietnam is poor and limited to access
(Chuang and Shiu 2018). In addition, data collection from
many regions in Vietnam is mainly based on reports from local
people and local committees. However, these reports may
contain some spatial and temporal misleading for mapping and
identifying landslide mechanisms (Hung 2011). Some datasets
are provided by different authorities, such as transportation
sectors and flood and storm committees, leading to many
complications in collecting data for research projects.

Selecting appropriate rainfall data for landslide analysis
is one of the concerning problems. Many pieces of land-
slides susceptibility research have been carried out using
annual rainfall data instead of antecedent rainfall (Hung
2011). Meanwhile, antecedent rainfall is a significant trigger
corresponding to most landslide incidents in the region
(Naidu et al. 2018; Pradhan et al. 2017). In this research
region, most of the landslides are strongly correlated to
3-days antecedent rainfall caused by tropical storms and
monsoon (Phuoc et al. 2019). Therefore, the analysis of the
landslide susceptibility index based on yearly rainfall is still
questionable, affecting the accuracy of the maps. This gap
can be covered by selecting appropriate antecedent rainfall
periods of data for estimating the susceptibility index of
landslides.

The projection of the susceptibility index offers a scien-
tific foundation for predicting the occurrence of landslides.
Nevertheless, these pieces of research are still limited in the
study area. As mentioned before, research on landslides

often relies on yearly rainfall and may fail to include the
frequency terms (Pradhan et al. 2017; Phuoc et al. 2019).
Additionally, the quality of the findings might be signifi-
cantly impacted by short and insufficient monitoring periods
and low-density monitoring stations of precipitation data
(Naidu et al. 2018). To enhance the predictability of land-
slide susceptibility, the Regional Frequency Analysis (RFA),
which is used to calculate rainfall frequency, is added into
the modeling of landslide susceptibility (Hosking and Wallis
1997, 2005; Phuoc et al. 2019).

The RFA algorithm provides likelihood spatial distribu-
tion maps of different antecedent periods and various fre-
quencies of rainfall (Nguyen and Nguyen 2017). These maps
are useful for investigating terrain instability based on GIS
analysis (Pradhan and Althuwaynee, Pradhan et al. 2017,
Hansen 1984). The application of this method can overcome
the limitation of current spatial and temporal data which can
make important contributions to increasing the certainty of
landslide susceptibility calculating.

Therefore, this research aims to investigate the impact of
rainfall frequencies on landslide susceptibilities using RFA
and AHP methods. The RFA approach evaluates and pro-
vides the spatial distribution of antecedent rainfall in various
frequencies. A GIS-based AHP analysis would be practical
to generate landslide susceptibility zoning in large areas. The
landslide susceptibility map, represented according to rain-
fall return periods, would be critical for preventing and
mitigating landslide hazards in the research region.

2 Case Study

The study focuses on evaluating landslide susceptibility for
three mountainous districts of the Quang Ngai province
(Fig. 1). This study area covers an area of 1.352 km2. The
highest altitude of the study area is 1694 m and is in the
west, near the Central Highland provinces and the Truong
Son Mountain range. Quang Ngai Province’s lowland area is
east of the study area.

This region is very susceptible to landslides and has lately
had several occurrences. Landslides often occur in this region
between September and December, which is also a time of
heavy rainfall (more than 70% of the region’s annual 2500 mm
rainfall is accounted for by rainfall from tropical storms and
tropical monsoons). According to reports from local natural
disaster management authorities, extreme antecedent rainfall is
the principal trigger of landslides in the region.

The natural condition of the mountainous area has
increasing the risk of landslides. Firstly, the steep slope ter-
rain is a major cause for the instability of shallow landslides.
A considerable proportion of natural forests are replaced by
forest plantations, agriculture, or bush which enhances the
erosion and instability of land, leading to soil mass
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movement on the shallow surface. Another problem is the
high density of streams together with high antecedent rain-
falls making it a significant contribution to the high risk of
landslides in the region. Finally, rapid investment in road
infrastructure, resulting in changing terrain in road buffering,
increases slope instability along these roads.

3 Materials and Methods

A GIS-based multi-criterion analysis is used for developing
landslide susceptibility maps. Seven landslide causative
factors, including slopes, aspects, elevation, soil types, land
use, distance to road, and distance to stream, were used to
spatially investigate the landslide susceptibility of the region
(Khan et al. 2019; Reichenbach et al. 2018; Pourghasemi
et al. 2012). The method also utilized the advantages of
spatial analysis to highlight the probability of landslides
based on an analysis of geographical, topographical, and
meteorological data and landslide events (Khan et al. 2019;
Chuang and Shiu 2018). To ensure the projection of sus-
ceptibility, high-quality geographical distribution data of
influencing factors are collected and analyzed (Hansen et al.
1995; Feizizadeh et al. 2014; Pham et al. 2017). The whole
procedure is carried out on QGIS 3.12. and on the SAGA
toolkit. Maps are also generated by using QGIS 3.12.

A database of 339 landslides that occurred between 2010
and 2018 was used in this study to construct the susceptibility
assessment and validation. The database was compiled using
data from landslide inventories based on Landsat satellite
images and yearly reports from the flood and storm commit-
tee. The landslide locations were then split into two groups
using spatial randomization, with 237 locations as a training
dataset and the remaining 102 locations as a testing dataset.

To develop landslide susceptibility and lessen uncertainty
in the outcomes, we prepare and collect high-resolution
geographical and temporal data on the causative factors. In
addition, rainfall data was taken from RFA for 3-day ante-
cedent rainfall following two common frequencies of P50%
and P20% and two extreme frequencies of 2% and 1%
instead of using annual rainfall data. The diagram of the
entire process is represented in Fig. 2.

An AHP processing pair-wise comparison matrix is sug-
gested after consulting with experts and literature reviewing.
Contribution weights of environment factors (slopes, aspects,
elevation, land used, soil types, and distance to rivers) and
human activities factors (distance to roads) are analyzed
according to the training dataset. These causative elements,
coupled with four maps of 3-day antecedent rainfall according
to four frequencies (P50, P25, P2, P1%), are utilized to con-
struct landslide susceptibility indices after reclassifying
geographical distribution following contribution weights.

Fig. 1 Location of the study area and the landslide inventory map
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These maps are utilized for generating a landslide suscepti-
bility map with five classifications (very high, high, medium,
low, and very low) using the Natural Break classifier. These
susceptibility thresholds were then manipulated to build the
landslide susceptibility maps for the research area corre-
sponding to each rainfall frequency. The quality of projection
results is validated using Area Under the Curve (AUC) index
and Landslide Density (LD) using the testing dataset.

3.1 Landslide Causative Factors

This research produces a landslide susceptibility index based
on the relative importance of eight influencing factors:
rainfall, slope, elevation, aspect, distance to streams, dis-
tance to roads, land use, and soil type.

• Rainfall: Phuoc et al. (2019) indicated that 3-day ante-
cedent rainfall is the most significant trigger of landslides.
The inventory also highlights that landslides happened in
the region annually and more incidents were recorded
corresponding to extreme rainfall events. Thus, we
examine the impacts of precipitation triggers for two
groups of 3-day antecedent scenarios: (i) regular rainfall
scenarios correspond to frequency p = 50% (P50) and
25% (P25); (ii) extreme rainfall scenario group with

frequency p = 2% (P2) and 1% (P1). Maps of the distri-
bution of rainfall are produced for each rainfall scenario.
These maps represent better temporal and spatial resolu-
tion than other interpolation methods (Nguyen and
Nguyen 2017). This research used RFA-based rainfall
data observed for many years from 75 rain gauge stations
for the interpolation. The spatial distribution of 3-day
antecedent rainfall for the research area is shown in Fig. 3.

• Terrain slope: Terrain slope is themost significant variation
in landslide causatives. The review fromReichenbach et al.
(2018), and Naidu et al. (2018) have accentuated the crit-
ical role of the factors in the instabilities of the interested
area. The terrain slope in the research area was prepared
from the SRTM DEM (30 � 30 m) using the QGIS 3.12.
The obtained results are subsequently classified into dif-
ferent classes based on correlation with landslide occur-
rence and ranging from 10 to 70° with 10° steps.

• Terrain aspect: The terrain aspect has a strong interrela-
tionship with land cover, soil strength, and moisture,
which directly influence landslide initiation (Khan et al.
2019). Therefore, assessing the influences of terrain
directions on landslides would contribute to the projec-
tion of landslide susceptibility. The aspect layer for the
research is also generated from the collected DEM.

• Soil type: Due to differences in shear strength and
hydraulic conductivity, soil types respond differently to

Fig. 2 Diagram of landslide susceptibility project using AHP and RFA methods corresponding to four frequencies scenarios of rainfall
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rainfall (Chuang and Shiu 2018). Consequently, reaching
a saturated situation, which is an important trigger to
landslides, is more likely to be a unique value associated
with each soil type. Integrating the relationship between
spatial distribution of soil types and occurred incidents
would enhance certainty for landslide susceptibility
assessment. Spatial distribution soil types data in the
research area is provided by local management agencies
and processes in ESRI ArcGIS.

• Land-cover: According to Khan et al. (2019), land cover
is the main influential parameter of slope stability. A good
vegetation cover would work effectively in retaining
water, reducing erosion, and improving the stability in the
area (Reichenbach et al. 2018). The research has used a
land-use map in the year 2010 for slope instability
investigation for the province.

• Distance to roads: In mountainous areas, the development
of transportation may lead to a reduction in the stability of

the slope and eventually landslides. Therefore, distances
from the road become a significant trigger to landslide
occurrences. In the research, a database of the trans-
portation system is collected from local authorities and
processed to use in landslide susceptibility analysis.

• Distance to stream: Many studies have commonly used
the factor—distances to streams—to analyze landslides
susceptibility (Khan et al. 2019). The contribution of
spatial distributions of the rivers and springs in landslides
is evaluated in a GIS environment using data from
authorities.

• Elevation: is the height of the terrain surface that affects
landslide occurrences (Varnes 1984). Rocks appearing at
higher elevations are less weathered due to
geo-environmental factors. Therefore, landslides often
have less frequency in very high elevation areas (Pham
et al. 2019). In this study area, the inventory data shows
that the most susceptible to landslide incidence is with in
elevation range of 720–900 m.

Fig. 3 Spatial distribution of 3-day antecedent rainfall corresponding to four frequencies P50%, P25%, P2%, and P1%
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3.2 Analytic Hierarchy Process Method

The AHP method has been used widely to develop an
appropriate landslides susceptibility map. A pair-wise com-
parison matrix provides an estimation of landslide causative
factors’ contribution. A range with numerical values from 1
to 9 was recommended for comparing criteria by Saaty
(1987). Each of these numbers shows the degree of impor-
tance in a way that 1 shows equal importance and 9 show the
extremely strong importance of a criterion compared to
another quantitative criterion (Saaty 1987).

The greatest weight in the AHP method represents a layer
having the most significant impact on determinations of the
objective. In other words, the criteria for weighing each
information unit are also based on the greatest effect played
by that factor in the layer. A range with numerical values
ranging from 1 to 9 was proposed to compare the criteria. In
addition, Consistency Ratio (CR) and Consistency Index
(CI) would be calculated to estimate the consistency of the
AHP process (Saaty 1987). Note that the CR value must be
less than 0.1. If not, the pair-wise table is considered
inconsistent (Saaty 1987).

CI ¼ kmax � n

n� 1
ð1Þ

CR ¼ CI

RI
ð2Þ

where: kmax represents the largest Eigenvector of the matrix
and n represents the total causative factors (order of the
matrix) used in the projection. CR (Consistency Ratio) and
CI (Consistency Index), RI (random index) is the average
value of CI for a randomly generated pairwise matrix.

To estimate the contribution and correlation of each
causative factors to the phenomena, a frequency analysis
was established for landslide events. 102 landslides were
used to figure out the relationship between landslides and
rainfall characteristics in the research area. Another 237
landslides were utilized in spatial analysis, and 102 land-
slides were used to validate the result.

3.3 Regional Frequency Analysis Method

The regional frequency analysis method was first proposed
by Hosking and Wallis in 1997. The method can be used
with any kind of data (Hosking and Wallis 1997). In this
work, it is regional rainfall. In the regional rainfall frequency
method, the index rainfall is computed as the average of the
local series (Hosking and Wallis 1997), based on an
L-moment procedure (Ngongondo et al. 2011). However, in
this study, we used a likelihood of observed sample-based
Bayesian Markov chain Monte Carlo (MCMC) procedure as

suggested by Gaume et al. (2010). Because it uses the full
likelihood function, which is aneffective and flexible way to
represent information for a site, whether it is count, interval,
or magnitude.

Following Dalrymple (1960), the quantile of
non-exceedance probability F at site i may be written:

Xi Fð Þ ¼ lix Fð Þ ð3Þ
where x(F) is the regional quantile of non-exceedance
probability F, the index rainfall µi is the average value of the
sample for site i.

A Bayesian MCMC procedure is now relatively common
for hydrological applications (Gaume et al. 2010; Nguyen
et al. 2014). Following the Bayes’ theorem, the likelihood of
the sample given the parameters of the statistical model
LðDjhÞ can be related to the likelihood or density of prob-
ability of the parameters given the sample pðhjDÞ.

p hjDð Þ ¼ L Djhð Þp hð Þ
p Dð Þ ð4Þ

where p(h) is the prior distribution of h, p(D) is the proba-
bility of sample D, which is unknown.

The inference approach applied herein is directly derived
from Gaume et al. (2010). It is based on the likelihood of the
available data sets and a Bayesian MCMC algorithm for
estimating the growth curve parameters and their posterior
distribution according to the observed data set. The likeli-
hood of the observed sample (D) is calculated as follows:

L Djhð Þ ¼
YS

i¼1

Yni

j¼1

fh
xij
li

� �" #
ð5Þ

where fh is the probability density function of the selected
statistical distribution for the regional growth curve, and h
corresponds to the vector of parameters of the distribution
selection to be estimated.

The study will only briefly present this procedure. The
details of the algorithm are included in the R software library
nsRFA. This method has been applied to the Central and
Central Highlands regions of Vietnam (Nguyen and Nguyen
2017).

4 Result and Discussion

4.1 Analytic Hierarchy Process

Based on the contribution from experts and literature
reviews, a pair-wise comparison matrix has been introduced
for AHP for landslide susceptibility maps production (See
Table 1). With CI = 0.1005 and CR = 0.072 < 01, the
matrix is adequate for further analysis.
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The analysis of the recorded landslides shows a strong
correlation between distance from stream and distance from
roads to landslide zonation. While spatial distribution of
landslides is strongly correlated to the distance to trans-
portation systems and stream system, the highest proportion
of landslide events falls into the closest area to the stream
with a 200 m buffer distance. It is also marked that the

influence of road on the phenomena is more likely limited in
areas lower than 600 m buffer zone, while the impacts of
distance from stream tend to continue and reduce steadily
until over the distance of 1000 m.

Investigating the impact of soil types also highlights that
those landslides are more likely to happen in areas with Epi
Lithi Ferralic Acrisols as the most instability soil and Epi

Table 1 AHP pair-wise comparison matrix for landslide susceptibility analysis

Slope Rainfall Land use Road Aspect Soil map River Elevation Weight

Slope 1 3 3 5 5 3 7 9 0.318

Rainfall 0.333 1 0.333 3 3 0.333 5 7 0.122

Land use 0.333 3 1 5 3 3 5 9 0.217

Road 0.2 0.333 0.2 1 0.333 0.333 3 5 0.058

Aspect 0.2 0.333 0.333 3 1 0.333 3 5 0.078

Soil map 0.333 3 0.333 3 3 1 5 7 0.155

River 0.143 0.2 0.2 0.333 0.333 0.2 1 3 0.034

Elevation 0.111 0.143 0.111 0.2 0.2 0.143 0.333 1 0.018

Table 2 Landslide causative factors classes weight

Causatives factors Classes Rating Causatives Factors Classes Rating

Slope (°) 0 - 10 1 Rainfall (mm) 380–499 1

10–20 3 499–616 2

20–30 5 616–733 3

30–40 7 733–850 4

40–50 9 850–967 5

50–60 7 967–1084 6

> 60 1 1084–1201 7

Aspect Noth 3 1201–1318 8

Northeast 3 1318–1435 9

East 5 Elevation (m) < 145 1

Southwest 9 145–175 9

South 5 175–415 3

Southwest 3 415–565 5

West 1 565–720 7

Northwest 1 720–900 9

Soil type Epi Lithi Ferralic Acrisols 9 900–1135 5

Epi Lithi Humic Acrisols 7 > 1135 1

Hapli Ferralic Acrisols 5 Distance to road (m) 0–200 7

Hapli Humic Acrisols 3 200–400 5

Others 1 400–600 3

Land use Forest 5 > 600 1

Residental area 1 Distance to stream (m) 0–200 7

Timber 9 200–400 5

Agriculture 3 400–600 3

Bush 7 > 600 1
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Lithi Humic Acrisols as the second. So, these soil types are
respectively assigned with points of 9 and 7 in contribution
factors. From 2010 to 2018, forest production and bust
accounted for the highest landslide frequencies in terms of
land cover (Table 2).

4.2 Landslides Susceptibility

Implementation GIS-based AHP analysis with RFA rainfall
data and other seven causative factors on SAGA toolkit
generated four landslides susceptibility maps. These maps
are then used to calculate a mean of landslide susceptibility
map as a basis for classifying based on Landslide Suscep-
tibility Indexes (LSIs) following the natural break approach.
There are five levels of susceptibility for this phenomenon
represented in Table 3 and Fig. 4: very low, low, medium,
high, and extremely high. Spatial distributions of landslide
susceptibility find a strong correlation with slopes map,
which is the most contributing factor. Most of the high and
very high risk of landslides fall into 40–50° terrain slopes.

However, spatial distributions of slides also indicate the
contribution of other factors to landslide susceptibility.
Figure 4 represents the statistical index of the mean of
landslide susceptibility. Susceptibility is in a range from 1.7
to 7.7. Whereas the value in the range of 10% percentile and
90% percentile are 3.3 and 6.2, respectively. The deviation
of the result represents the consistency of the projection,
with the mean value being 4.2 and the standard deviation
being 0.87.

Figures 5 and 6 highlight the impacts of rainfall on the
landslide susceptibility index in the area. Four landslide
susceptibility maps were produced using AHP according to
different 3-day antecedent rainfall frequencies—50, 25 2,
and 1%. There is a significant increase of landslides in
high-risk areas according to the increasing rainfall frequen-
cies. The proportion of high and very high increases doubled
compared from P25 to P2%. There was a significant increase
in very high landslide susceptibility following the rising of
rainfall frequencies from P50% to P1%. In contrast, the
proportion of low susceptibility areas reduced from 25% in
P50% to over 5.2% in P1%. The figure for medium sus-
ceptibility is more likely to remain the same in comparison
to these frequencies, which account for a quarter of the
research area.

Landslide susceptibility shown in Fig. 5 would be useful
for natural disaster prevention sectors in the development
plan in this research region. Undoubtedly, it would highlight
locations at considerable risk of landslide based on real-time
precipitation and then make decisions for evacuation and
prevention. Consequently, the damage to properties, infras-
tructure, and human life in the area is reduced.

Table 3 Susceptibility level

Level Landslide susceptibility index

Very low LSI < 3.29

Low 3.29 < LSI < 4.02

Medium 4.02 < LSI < 4.68

High 4.68 < LSI < 5.41

Very high LSI > 5.41

Fig. 4 Map of mean of landslide susceptibility based on 3-day antecedent rainfall
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Fig. 5 Landside susceptibility maps for 4 rainfall frequencies scenarios a P50%, b P25%, c P2%, d P1%

Fig. 6 Area percentage of five
landslide susceptibility levels for
4 rainfall frequencies scenarios

Assessment of the Effects of Rainfall Frequency … 95



Figure 7 indicates the agreement on project landslide
susceptibility following the AHP process for this study area
and recorded events. The obtained results represent that most
landslide susceptibility falls into high and very high cate-
gories. In the maps of P50%, the proportion of high and very
high classes is just over 20% while accounting for 80% of
landslide density. The significant figure is very high with
only 4% of the area but accounts for 48% of landslide
density. Some landslides fall into low and very low classes.
However, the proportion of these two levels is very low,
with under 10% of a recorded landslide. The increase in
landslide density is marked at the highest level. On the other
hand, the percentage of landslides in the lower class has
decreased following frequencies.

The AUC assessment has been highlighted appropriately
of the AHP method in producing landslides susceptibility
maps (see Fig. 8). The AUC index based on training land-
slide sites is slightly higher than the testing data. The AUC
indexes of different rainfall return periods models are around

0.75. This assessment indicates that the application of AHP
is suitable for landslide susceptibility predition in this region.
So, applied parameters for this study can be utilise for other
tropical monsoon climate areas where rainfall is the most
significant trigger of landslides. The obtained results can
also propose a fundamental reference for further studies that
should approach more modern methods in landslide sus-
ceptibilities such as machine learning and deep learning to
improve computing efficiency.

5 Conclusion

The research has represented a method to generate a land-
slides susceptibility map by application of the Analytic
Hierarchy Process to produce an index for landslide pro-
jections. Eight major impact factors are analyzed to highlight
the importance of causative factors. The slope is the highest
contributing factor to landslides with a weight of 0.318,
while land use is the second-highest factor. The smallest
contribution weight to landslide susceptibility in the area is
elevation, which accounts for only 0.018. With CI = 0.1005
and CR = 0.072 < 01, the matrix is adequate for further
analysis in regional scale or event place have similar
conditions.

Result also highlights the importance of selecting rainfall
in landslide susceptibility prediction. Landslide susceptibil-
ity maps that result from different scenarios can be used to
produce landslides warning according to rainfall forecasting.
Application of Regional Frequency Analysis (RFA)s in the
analysis provide an alternative approach for investigation the
influence of rainfall on zonation of landslides susceptibility
in the area where precipitation is the most dominatant trigger
for landslide events.

Fig. 7 Landslide density for five landslide susceptibility levels for 4
rainfall frequencies

Fig. 8 a The success rate curves and b prediction rate curves corresponding to 4 rainfall frequencies scenarios
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