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Abstract. Landslides are devastating phenomena that caus@stance, in 2006, after a period of heavy rainfall, a series of
huge damage around the world. This paper presents a quadandslides on Leyte Island, Philippines claimed over 1000 fa-
global landslide model derived using satellite precipitationtalities Sassa et §/12010.

data, land-use land cover maps, and 250 m topography in- The factors involved in the occurrence of landslides are di-
formation. This suggested landslide model is based on theided into two categories: triggering processes and prepara-
Support Vector Machines (SVM), a machine learning algo-tory conditions Dai et al, 2002. Triggering factors are
rithm. The National Aeronautics and Space Administrationdynamic processes which trigger a slope failure, such as
(NASA) Goddard Space Flight Center (GSFC) landslide in-heavy precipitation events (e.g., 1999 landslide in Vargas,
ventory data is used as observations and reference data. In alfenezuela) and/or earthquakes (e.g., 2008 Wenchuan earth-
70 % of the data are used for model development and trainquake in Sichuan, China). Typically, hurricanes and typhoons
ing, whereas 30% are used for validation and verification.lead to extensive rainfall over several days and thus, may
The results of 100 random subsamples of available landslidérigger landslides. In 1998, Hurricane Mitch alone triggered
observations revealed that the suggested landslide model cawver 9800 landslides across Guatemala resulting in over
predict historical landslides reliably. The average error of 10014 000 casualtieBucknam et a].2001).

iterations of landslide prediction is estimated to be approxi- In addition to the presence of a triggering factor, prepara-
mately 7 %, while approximately 2 % false landslide eventstory conditions play important roles in the occurrence of
are observed. landslides. These include conditions which make a region
susceptible to landslides such as soil property, slope, topog-
raphy, land-use land cover, hillslope saturation and vegeta-
tion. For example, the effect of pore water pressure and soil
porosity on the occurrence of landslides has been discussed
Iverson et al(2000).

Thus far, various statistical, analytical and numerical ap-
proaches have been introduced to model landsliGesafi

1 Introduction

. . i
Each year, landslides cause thousands of casualties and blp
lions of dollars in damages across the world. According to

the US Geological Survey (USGS), landslides result in 10et al, 2005 Ermini et al, 2005 Casagli et al.2008 Tofani

of deaths and over 1-2 billion USD in property damages .
) et al, 2006 Wieczorek and Leahy2008 Sassa et gl2009
(USGS 2006. For example, the Western United States haSUchimura et al. 201Q Yin et al, 201Q Ren et al, 2011

suffered from several storm-triggered landslides during theBovoIo and Bathurs2011 Jabovedoff et al.2012 Segoni
El Nifio seasons of 1982-1983, resulting in millions of dol- et al, 2012 Leporj et Ejl 2012y Martelloii' ot gl 2312

lars in loss Gpiker and Gori2003 Hong et al. 2006D). In Kirschbaum et a).2012 Lagomarsino et al.2013. Based
several other landslide events, thousands of people died g

) - . ) % the soil wetness condition and topographic attributes,
disappeared within a few minutes/hours (e.g., 1999 Iands"dq_ineback Gritzner et a2007 has offered a simplified ge-
in Vargas, Venezuela; séarsen et al.2000. Also, in South-

. , . ! ographic information system (GIS) based Bayesian model
east Asia, landslides are one of the most widespread dlsaste{ identify landslides. Using satellite data and GIS tech-

mainly because of the climate condition, mountainous ter-_.
) : . " S nigues,Hong et al.(2007h proposed a methodology to ma
rain and socioeconomic condition&gip et al, 2010. For g g ( B prop 9y P
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landslide susceptibility. The approach is based on a weighted
linear combination of landslide controlling factors including
slope, soil type and texture, elevation, land cover type, and
drainage density.

Rainfall intensity duration curves and/or thresholds both in
regional (arsen and Simqgri993 Godt et al, 2006 Martel-
loni et al, 2012 Mercogliano et al.2013 and global scales
(Caine 1980 Hong et al, 2006h 20073 have been used in
developing landslide models. Both ground-based and remote
sensing rainfall data have been utilized for landslide moni-
toring and prediction. In a recent studypssi et al(2013
review several remotely sensed data sets for landslide stud-
ies.

In a recent effort, the National Aeronautics and Space Ad-
ministration (NASA) Goddard Space Flight Center (GSFC)
released a valuable inventory of landslide events over the
globe Kirschbaum et a).20093. It can potentially be used
for more detailed research on the relationship between land-
slide events, controlling factors and climate conditions. The
NASA global landslide inventory has been evaluated in a
number of landslide studies (e.é¢(irschbaum et a).2009h
Hong et al, 20068.

Most previous landslide studies have been in a local or
regional scale (e.glL.agomarsino et al.2013. This study
introduces a quasi-global (hereafter, global) landslide moni-
toring model using satellite precipitation data, land-use land
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2009. For more information about this landslide inven-
tory, please refer t&irschbaum et al(20093.

— Precipitation data: satellite precipitation data is obtained

from the real-time version of the Precipitation Estima-
tion from Remotely Sensed Information Using Artifi-
cial Neural Networks (PERSIANNHsu et al, 1997
Sorooshian et a12000. This data set is primarily based

on long-wave infrared imagery from geosynchronous
satellite (GOES-IR) calibrated with satellite microwave
data, and it has been validated in numerous studies (e.g.,
AghaKouchak et a]20113.

Slope: topographical information is derived based on a
digital elevation model (DEM) from the NASA Shuttle
Radar Topography MissionJdrvis et al. 2012). This
data set is a high resolution elevation information with a
spatial resolution of 250 m. Based on this elevation data
set, a global slope map is created using Geographical
Information System (GIS) techniques.

— Global land cover condition: land-use land cover infor-

mation is derived from a global database described in
Bartholome at al(2002 and Fritz et al. (2003. This
data set includes 1 km land-use land cover information
with 23 classes.

cover maps, and 250 m topography information. This sug-3 Methodology

gested landslide model is based on the Support Vector Ma-

chines (SVM) that can classify landslide and non-landslideThe model concept is based on the SVM which is a powerful
events based on their climatological and geographical condimethod for classification. In fact, SVM is a decision support

machine that can be used to as a two-class or multiple class
classifier. In this study, SVM is used to classify landslide and
non-landslide events based on historical observations (here,
observed landslide events). SVM classification solves a con-
vex optimization problem in which all local solutions (e.g.,
The study area extends fror60 to +60 latitudes where real-  individual landslide events) are classified into a global opti-
time satellite precipitation data is available. The data setamum @Bishop 1994. Throughout this study, a conventional
used in this study include: approach of splitting data into a 70 % training and a 30 %
validation is used.

— NASA global landslide inventoryKirschbaum et aJ. In this study, the linear classifier of SVM is used for classi-
20093: this data set represents landslides, mudslidesfication of landslide from non-landslide events. Let the train-
rockslides, debris slides and a combination of two oring set be{(x;, yi)}i=1...., Wwherex; € RV, andy; € {—1, 1}
more of them. It includes nominal location information (Hearst et al.1998. x; Represents th& dimensional pat-
(country, county, city), time of occurrence, triggering terns (here, 5 dimensions including three vectors of precip-
factor, type of the event, relative size of landslide, ge-itation, topographical information and land use) andis
ographic location (latitude and longitude) with a mea- the class label (i.e., 1 for landslide ard. for non-landslide
sure of location accuracy and impact information suchevents). Figurd schematically presents the SVM model con-
as casualties and economic damage. The relative sizeept for classification. In the figure, blue points correspond to
classification is based on a scale of 1 (small landslidethe landslide label, whereas the red points refer to the non-
or mudslide) to 5 (massive landslide). The location ac-landslide label. The green line in Figjis the optimal hyper-
curacy classification is defined based on the radius ofplane classifier, which connects the two convex hulls of two
confidence on a scale of +{5km — little confidence classes (i.e., landslide and non-landslide events) and has the
in landslide location) to 5<€5km — high confidence same distance from each of the convex hulls.
in landslide location). Currently, the landslide inventory ~ The general form of the optimal SVM classifier (the green
includes events that occurred in 2003, 2007, 2008 andine in Fig.1) is (w.x) +b =0, w € RN andb € R, with the

tions.

2 Study area and data resources
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b Label 1 (e.g. landslide)

e Label 2 (e.g. non-landslide)
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Fig. 1. Support Vector Machine (SVM) model concept for classifi-

cation.

decision function for classification being¢arst et a].1999

f(x) =sign((w.x) +b). 1)

There exists av (vector) and & (scalar) such that for all
training setsCortes and Vapnik1995:

(wx;))+b)>+1 ify,=1
2

(wx;))+b)<-1 ify;=-1

The above inequalities can be written in the for@o(tes
and Vapnik 1995:
vix (wx;))+b)>1i=1...,n. 3)

Using the above inequality, one can show (€eetes and
Vapnik, 1995for details and proof):

imw.x 1 _
mMinST = fory=1
. (4)
wx _ — _
maxpe- = o fory=-1,

where|w| is defined as/w.w. The distance between two
convex hulls of the two classes is termedmésee Fig.1)
and can be expressed as
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p(w,b):min(ﬂ) —-m <—> (5)
1 -
Clwl wl
2
lw|’

The optimal classifier can be obtained by maximizing the
distancep(w, b). Let us denote the optimal SVM classifier
as(wo.x) + bg = 0 and hencep (wg, bg) = 2/|wo|. In other
words, for classifying the two landslide and non-landslide
labels, one needs to solve the optimization problem of max-
imizing the marginp (wo, bg). To maximizep(wo, bg), the
term |wg| should be minimized under the constraintx
(wx;))+b)>1,i=1,...,n. This is a quadratic optimiza-
tion problem that can be solved using the sequential minimal
optimization(SMO) outlined ifPlatt(1999.

Figure 2 schematically describes the model structure. As
shown, the input data include two types of static informa-
tion (land-use land cover condition and topographical infor-
mation) and one dynamic input (precipitation). It should be
noted that the coordinates of the observed landslide locations
in the NASA landslide inventory are in fact approximate lo-
cations of landslidesKjrschbaum et a).20093. Therefore,
using the slopes of landslide coordinates could lead to mis-
leading results. For this reason, instead of using the slope of
the provided coordinates in the inventory, a topography in-
dex is used that indicates the 95th percentile of 250 m slope
values in a 0.25box. Note that the 0.25s the original res-
olution of precipitation data. In other words, a topography
index is used to distinguish topographically complex regions
from relatively flat areas.

The suggested topography index is relatively larger for
mountainous regions compared to flat areas. As an example,
Table 1 lists the topography index for two areas: The Lut
Desert (location 1 in Tabl&), which is flat and not suscepti-
ble to landslides; and a mountainous region in Indonesia (lo-
cation 2 in Tablel), which has previously experienced land-
slides. One can see that the slopes of the two locations are
not significantly different (location 1: 0.09; location 2: 0.30
— see column 4 in Tabl#). However, the topography index
distinguishes the difference between the two regions (loca-
tion 1 (flat region): 0.14; location 2 (mountainous region):
22.6 — see column 5 in Tablg.

In addition to topography index, precipitation is used as a
dynamic input in the model. There are two key factors as-
sociated with a rainfall that could lead to a landslide: inten-
sity and duration. Landslides may occur due to heavy pre-
cipitation rates in a relatively short period of time or even
after a low intensity rainfall over a long period of time.
For this reason, three vectors of precipitation rates from
rainfall accumulations in the past are used as input to the
model: (a) 24h, (b) 48h, and (c) 72h. In a recent study,
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Fig. 2. Schematic view of the model structure.

Table 1. Topography index for two areas: The Lut Desert (loca- =

tion 1), which is flat and not susceptible to landslides; and a moun-EmD_ |

tainous region in Indonesia (location 2), which has frequently expe- £

rienced landslides. € il ]

<

Location Latitude Longitude Slope Topography E or J 1
# index & g |
1 34.972 54.983  0.09 0.14 " UU — bl T— 1
2 —4.4032 136.0438 0.30 22.60 Landsids Event

Fig. 3.24 h precipitation accumulations over landslide observation
points.

AghaKouchak et al2012 show that there are high uncer-
tainties and systematic errors associated with satellite-baseaccumulations from 5mm to over 200 mm. Note that the
heavy precipitation rates at short temporal intervals (e.g.original NASA landslide inventory includes more landslide
3h relative to daily estimates). FurthermoMehran and  events. However, many of the events may not have been trig-
AghaKouchak(2013 argue that at higher temporal accu- gered by rainfall, as no rainfall has been recorded (earth-
mulations, satellite data capture extreme precipitation eventguake triggered landslides). Alternatively, satellite data may
more reliably. The study demonstrates that by accumulathave missed precipitation for a number of landslide events.
ing precipitation over time, improvements can be achieved inSince the presented model is solely designed for rainfall trig-
detecting heavy precipitation events. For this reason, at angered landslide events, those with 24 h rainfall accumulation
given time, rainfall accumulations over the past 24, 48, andof 5 mm or less were eliminated from the analysis.
72 h are used as input to the model. That is, as satellite data It should be noted that few landslide events are recorded
become available in real-time, the model can be run with thein the landslide inventory with slopes and topography index
past 24, 48, and 72 h accumulations from the time of obsernear zero (below 10 %), and these were also eliminated. In
vations. other words, the presented mode is designed and validated

The soil wetness condition is indirectly computed from the for rainfall triggered landslides for areas with a topography
past three-day rainfall information. Figudelisplays the 24 h  index>10 %. Figure4 displays the histogram of the topogra-
precipitation accumulation (on the day of landslide occur- phy index for the 581 landslides events that are used as input
rence) for the entire observed landslide events used in théo the model. The horizontal axis shows topography index
model for both training and validation. One can see that thentervals, while the vertical axis displays the number of land-
observations include 581 landslide events with 24 h rainfallslides in each interval.
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Fig. 4. Histogram of topography index for landslide observations Fig. 6. Distribution of landslides in the four recategorized land cover
based on 250 m digital elevation model (DEM). classes.

2 | . e e T e T T Table 2. The land-use land cover classe8iartholome at al(2002
- andFritz et al.(2003.
<
EE 15 E Number Land Use Type
E o} 4 1 Tree cover, broadleaved, evergreen
'gi 2 Tree cover, broadleaved, deciduous, closed
o 5f ] 3 Tree cover, broadleaved, deciduous, open
4 Tree cover, needleleaved, evergreen
12 3 4 5 B 7 B 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 5 Tree cover, need|e|ea\/ed, deciduous
Land T
e e 6 Tree cover, mixed leaf type
Fig. 5. Distribution of landslides in the 23 land-use land cover ! Tree cover, regularly flooded, fresh water
| listed in Tab@ 8 Tree cover, regularly flooded, saline water
classes listed n fa 9 Mosaic, tree cover, other natural vegetation
10 Tree cover, burnt
. . . L 11 Shrub cover, closed-open, evergreen
As mentioned earlier, land-use land cover information is 12 Shrub cover, closed-open, deciduous
used as a static input to the model. Figérehows the his- 13 Herbaceous cover, closed-open
togram of the observed landslides. The horizontal axis repre- 14 gpafsle Tefflba‘éezushm spafdsle SEVUE cover
sents the 23 land-use land cover categories listed in Table 5 egularly ooded Shrub and/or NETbaceous cover
. . 16 Cultivated and managed areas
whereas the vertical axis indicates the number of occurrences 4 Mosaic, cropland, tree cover, other natural vegetation
in each land-use land cover category. The observed land- 18 Mosaic, cropland, shrub cover or grass cover
slides are then recategorized into four major groups based 19 Bare areas
on their land-use land cover conditions: tree cover (# cat- 22 ‘évatef bog',es
. . . . . now and ice
egories 1 to 10); shrub cover (#categories 11 to 15); arti- 99 Artificial surfaces and associate areas
ficial surfaces (categories 16 to 18 and 22); and bare areas 53 No data

(# 19). Note that water bodies, snow and ice and no data (#
20, 21, 23) are eliminated from the analysis. This recatego-
rization is based on similarities between land-use land coveQ1 Results and discussion
conditions. Finally, the distribution of landslide occurrences

in the r(_acatggorlzed land-use land cover conditions 'S P'rhe SVM is a machine learning algorithm that requires
sented in Fig6. Based on the recategorized data, artificial data from training and validation. In this study, 70% of the
surfaces (46 %) and tree cover (38 %) are more susceptiblg8l landslide observations are Llsed for modél training and
to landslides as more events have occurred in the past. T

four recateqorized arouns are scaled between 0 and 1 Art._O%for model validation and verification. The model builds
" gorizec group W ( '3 classifier, called the SVM classifier, based on the training

Ifllzlni:[i?gs%) with one being the most susceptible land us%.ata. The SVM classifier is then validated.gsin.g the valida-
' tion data set. The target of the SVM classifier is either O or

1. Zero represents a non-landslide condition, while one in-

dicates the occurrence of a landslide event. If both model

output and target lead to the same value (either O or 1), the

www.nat-hazards-earth-syst-sci.net/13/1259/2013/ Nat. Hazards Earth Syst. Sci., 13, 125857, 2013
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algorithm has successfully classified landslides from non- 10 ;
landslide events. Otherwise, the model has failed to predic

8 4
the event. Model output of 1 with a target of 0 indicates a 6!t\/J\M/”\/\/-/\/\/\’\[V\/\/\/'\»/\'\/\’\/\I\/"\/\’\\/\

false landslide prediction. On the other hand, a model outpu o 10 20 80 20 s e 70 8 s 100

of 0 with a target of 1 indicates missed landslide prediction. ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
o b L
0 ‘ ‘ -
10 20 30 40 50 60 70

In the following example, a total of 6391 events (581 land-
80 920 100

Error

slide events and 5810 non-landslide events) are sampled froi
across the globe. The 5810 non-landslide events are sample
from precipitation areas and from different land-use land
cover conditions and slopes from all over the world. Sam-
ples are randomly taken from 2003, 2007, 2008 and 2009 fo
which observations are available. Of course the target value
of non-landslide events are set to 0 and observed events a
setto 1.

In order to ensure stability of the results, the 70 percentFig. 7. (a) Total error;(b) error of missed landslides; arfd) error
training data was randomly sampled 100 times. In otherof false landslides of the model for 100 simulations with different
words, the results are tested by running the model 100 time§°mbinations of 70 % training and 30 % validation data.
with different combinations of training and validation data.
Figure 7a presents the overall error of the model landslide
prediction in percentage. In Figa, the horizontal axis rep-

False Landslides Missed Landslides
o

0 10 20 30 40 50 60 70 80 90 100
Iterations

Fig. 9 displays false landslides (red squares) and missed

resents the iterations (i.e., 100), and the vertical axis displaylﬁ]agdifde; (?;uitﬁglrj?l\r;fés_ %V?:rilg I?hceorrr:gtlé/qlgaerr:glea?eby

the error (%) that includes the error of both landslide and . . i
| ) non-landslide events detected incorrectly as landslides by the
non-landslide events. As shown, the average error is between

6 to 7 percent in 100 iterations. In order to provide more model. Similarly, blue squares are actual landslide events that

o o the model failed to detect.
insight, two other error plots are presented: missed land- : o
It is worth pointing out there are a number of real-

slides _(F|g.7b) and false landslides (Figc). Here, false time satellite data sets that can potentially be used as input
and missed events are calculated based on the common ap-

proach used for validation of remote sensing data as outlinelotO the proposed model (e.g., TRMM-Rffiufiman et al,

! ) . . N 007 PERSIANN,Hsu et al, 1997 Sorooshian et gl200Q
in Wilks (2006. The missed landslide plot (Figb) indicates
the error in the number of missed landslide events dividedPERSIANN'CCS’Hong et al, 2004 and CMORPH Joyce

: . et al, 2004). Previous studies show that different satellite al-
by the total number of landslide observations used for vali-~" " . .
dation. On the other hand, Fi@c displays the error in the gorithms have their own advantages and disadvantdgek (

number of falsely predicted events divided by the total num—et al, 2008 Tian et al, .2009’ and_ none of the. precipitation .

. : ata sets can be considered as ideal, especially for detecting
ber of non-landslide samples. Note that this model does no, eavy precipitation rates\ghakouchak et a1.20118. De-
attempt to simulate landslides where the slope is less than y precip a. '

10 dearee and 24h precipitation accumulation is less thar?pite the uncertainties in satellite observations, the results of
9 precip this research and previous studies (ektpng et al, 2007H

Smm (same conditions applied to sample from landslide Ok.)"ndicate that a satellite precipitation data set can be utilized
servations). One can see that the missed and false Iandslu#e

errors are approximately 7 and 2 %, respectively (seebi or landslide monitoring.
and ¢) PP y : Tesp y g It is stressed that the NASA landslide inventory includes

. .~ . , major landslides, and hence the presented model is not cali-
Figure 7b indicates that the error of missed landslides at X ; .
; . ) . . e brated for modeling small scale landslide events. Practically,
few iterations is very high. This is due to limited number of

. . . the model is suitable for the types of landslides it is cali-

observed landslides that could lead in no or limited sampl T .
. . . ; rated for (here, NASA landslide inventory). Furthermore, it

from certain types of landslides for training. For this reason,.

one needs to run the model with multiple randomly selected” acknowledged that the landslide events in the NASA land-

L S .. ~slide inventory are subject to errors and uncertainties that
samples of training and validation to make sure the training . :
: - . . - could affect the results. However, this data set is currently
data is sufficient for landslide modeling and prediction. In : .

. S ._the only consistent global observational data that can be used
this example, one can see that many combinations of train: 2 S :
. A s or training and validation of large scale landslide models.
ing and validation lead to a small averaged error in misse

landslides (see the results of 100 random combinations of

training and validation data in Fig). 5 Conclusions
For better illustration, Fig8 displays the SVM-based
model output for one iteration. In Fi@ red circles indi- Landslides are devastating phenomena that cause huge dam-

cate landslides identified correctly, whereas blue circles shovages around the world. This paper presents a quasi-global
non-landslides identified correctly. For the same iteration,landslide model using SVM approach. The input data include

Nat. Hazards Earth Syst. Sci., 13, 1259267 2013 www.nat-hazards-earth-syst-sci.net/13/1259/2013/
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Fig. 8. An example of the SVM-based model output for one iteration. The red circles indicate landslides identified correctly, whereas blue
circles show non-landslides identified correctly.

= Missed Landslides

=  False Landslides

Fig. 9. False landslides (red squares) and missed landslides (blue squares) for the same iteration sho®&n in Fig.

satellite precipitation data, land-use land cover maps, anavents. We acknowledge that remotely sensed precipitation
250 m topography information. The model was tested andevents have uncertainties and biasesr(g et al, 2006a
verified against the NASA GSFC landslide inventory data. AghaKouchak et al.2011h Hossain and Huffman2008
Throughout the study, 70 % of the data were used for modethat could affect landslide monitoring and prediction. How-
development and training, while 30 % were used for valida-ever, satellite data sets are the only source of real-time and
tion and verification. consistent precipitation observations especially over remote
The model was used to simulate 100 iterations with ran-and topographically complex region§&drooshian et al.
dom subsamples of 70% training and 30 % validation. 1t2011; Nadim et al, 2006. In fact, landslides typically occur
should be noted that a large number of non-landslide eventé mountainous regions where other sources of information
(10 times more than the observations) were randomly samfe.g., radar and gauge measurements) are not available. For
pled to evaluate the performance of the model in detectthis reason, the model has been developed with satellite ob-
ing both landslides and non-landslide events. The resultservation so that it can be applied to remote and topographi-
showed that the suggested landslide model can predict hiszally complex regions.
torical landslides reliably. The average error of 100 iterations This model cannot be considered as a general landslide
of landslide prediction was estimated as approximately 6 tomodel as it does not consider earthquake triggered landslides.
7 %, while approximately 2 % false landslide and approxi- Furthermore, the model is not designed and calibrated for
mately 7 % missed landslide events were observed. small scale landslides (local scale landslides not reported in
The authors point out that these conclusions are based othe NASA Landslide Inventory). In addition to the data used
exploratory data analysis using observed records of landslide this model, other data sets such as soil type and/or soll

www.nat-hazards-earth-syst-sci.net/13/1259/2013/ Nat. Hazards Earth Syst. Sci., 13, 125857, 2013
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moisture can be utilized. However, high resolution soil type Casagli, N., Dapporto, S., lbsen, M., Tofani, V., and Vannocci, P.:

and soil moisture data sets are not available at a scale relevant Analysis of the landslide triggering mechanism during the storm
to landslides. of 20th—21st November 2000, in Northern Tuscany, Landslides,

The presented model can be coupled with a local physi- 3. 13-21, 2006. N o o
cally based model to improve landslide monitoring predic- €at@ni. F., Casagli, N., Ermini, L., Righini, G., and Menduni, G.:
tion: (a) using the presented model for identifying landslide Landslide hazard and risk mapping at catchment scale 2005 Arno

: . . i i lides, 2, 329-342, 2005.
hotspots; and (b) using a local physically based model for River basin, Landslides, 2, ‘

. . . . ... .cortes, C. and Vapnik, V.: Support-vector networks, Machine
modeling slope failure over the landslide hotspots identified Learning, 20, 2738297’ 1995, PP

in the first step. Finally, efforts are underway to further de- psj F. Lee, C., and Ngai, Y.: Landslide risk assessment and man-
velop this model into a real-time landslide prediction model.  agement: an overview, Eng. Geol., 64, 65-87, 2002.

Ermini, L., Catani, F., and Casagli, N.: Artificial Neural Networks
applied to landslide susceptibility assessment, Geomorphology,

AcknowledgementsThe authors thank the Editor and reviewers 66, 327—-343, 2005.

for their constructive comments which led to substantial improve- Fritz, S., Bartholome, E., Belward, A., Hartley, A., Stibig, J.-H.,

ments in the final version of the manuscript. Also, appreciation Eva, H., Mayaux, P., Bartalev, S., Latifovic, R., Kolmert, S.,

is expressed to Samuele Segoni for his thoughtful comments and Sarathi Roy, P., Aggarwal, S., Bingfang, W., Wenting, X., Led-

suggestion. Financial support from the Academic Senate Council with, M., Pekel, J. F., Giri, C., Mucher, S., De Badts, E., Tateishi,
on Research, Computing, and Libraries (CORCL) is acknowledged. R., Champeaux, J. L., and Defourny, P.: Harmonisation, mosaic-
ing and production of the Global Land Cover 2000 database,

Edited by: S. Segoni Tech. rep., European Commission, DG Joint Research Centre,

Reviewed by: F. Catani and two anonymous referees 2003.

Godt, J. W.,, Baum, R. L., and Chleborad, A. F.: Rainfall character-
istics for shallow landsliding in Seattle, Washington, USA, Earth

References Surf. Process. Landf., 31, 97-110, 2006.

Hearst, M. A., Dumais, S., Osman, E., Platt, J., and Scholkopf, B.:

AghaKouchak, A., Nasrollahi, N., Li, J., Imam, B., and Sorooshian,  Support vector machines, Intelligent Systems and their Applica-
S.: Geometrical Characterization of Precipitation Patterns, J. Hy- tions, IEEE, 13, 18-28, 1998.
drometeorol., 12, 274-285, 2011a. Hong, Y., Hsu, K., Gao, X., and Sorooshian, S.: Precipitation es-

AghaKouchak, A., Behrangi, A., Sorooshian, S., Hsu, K., and Ami-  timation from remotely sensed imagery using Artificial Neural
tai, E.: Evaluation of satellite-retrieved extreme precipitation  Network-Cloud Classification System, J. Appl. Meteorol. Clima-
rates across the central United States, J. Geophys. Res.-Atmos., tol., 43, 1834-1853, 2004.

116, D02115d0i:10.1029/2010JD014742011b. Hong, Y., Hsu, K., Moradkhani, H., and Sorooshian, S.:

AghaKouchak, A., Mehran, A., Norouzi, H., and Behrangi,  Uncertainty quantification of satellite precipitation estima-
A.: Systematic and random error components in satellite tion and Monte Carlo assessment of the error propagation
precipitation data sets, Geophys. Res. Lett, 39, L09406, into hydrologic response, Water Resour. Res., 42, W08421,
doi:10.1029/2012GL051592012. doi:10.1029/2005WR004392006a.

Apip, Takara, K., Yamashiki, Y., Sassa, K., lbrahim, A. B., and Hong, Y., Adler, R., and Huffman, G.: Evaluation of the po-
Fukuoka, H.: A distributed hydrological-geotechnical model us-  tential of NASA multi-satellite precipitation analysis in global
ing satellite-derived rainfall estimates for shallow landslide pre- landslide hazard assessment, Geophys. Res. Lett., 33, L22402,
diction system at a catchment scale, Landslides, 7, 237-258, doi:10.1029/2006GL02801@006b.

2010. Hong, Y., Adler, R., and Huffman, G.: Satellite remote sensing for

Bartholone E., Belward A. S., Achard F., Bartalev S., Carmona  global landslide monitoring, Eos, 88, 357—358, 2007a.

Moreno C., Eva H., Fritz S., @goire J.-M., Mayaux P., and Hong, Y., Adler, R., and Huffman, G.: Use of satellite remote sens-
Stibig, H.-J.: GLC 2000 Global Land Cover mapping for the year  ing data in the mapping of global landslide susceptibility, Nat.
2000, European Commission, DG Joint Research Centre, Lux- Hazards, 43, 245-256, 2007b.

emburg, 2002. Hossain, F. and Huffman, G.: Investigating error metrics for satellite
Bishop, C.: Neural networks and their applications, Review of Sci-  rainfall data at hydrologically relevant scales, J. Hydrometeorol.,
entific Instruments, 65, 1803—-1832, 1994. 9, 563-575, 2008.

Bovolo, C. and Bathurst, J.: Modelling catchment-scale shal-Hsu, K., Gao, X., Sorooshian, S., and Gupta, H.: Precipitation esti-
low landslide occurrence and sediment yield as a func- mation from remotely sensed information using artificial neural
tion of rainfall return period, Hydrol. Process., 26, 579-596, networks, J. Appl. Meteorol., 36, 1176-1190, 1997.
doi:10.1002/hyp.815&8011. Huffman, G., Adler, R., Bolvin, D., Gu, G., Nelkin, E., Bowman, K.,

Bucknam, R., Coe, J., Chavarria, M., Godt, J., Tarr, A., Bradley, L.,  Stocker, E., and Wolff, D.: The TRMM Multi-satellite Precipita-
Rafferty, S., Hancock, D., Dart, R., and Johnson, M.: Landslides tion Analysis: Quasi-global, multiyear, combined-sensor precip-
triggered by Hurricane Mitch in Guatemala — Inventory and dis-  itation estimates at fine scale, J. Hydrometeorol., 8, 38-55, 2007.
cussion, Tech. rep., United States Geological Survey Open Filaverson, R., Reid, M., Iverson, N., LaHusen, R., Logan, M., Mann,
Report 01-0443, 2001. J., and Brien, D.: Acute sensitivity of landslide rates to initial soil

Caine, N.: The rainfall intensity: duration control of shallow land- porosity, Science, 290, 513-516, 2000.
slides and debris flows, Geograf. Annal. Ser. A., 62, 23—-27, 1980.

Nat. Hazards Earth Syst. Sci., 13, 1259267 2013 www.nat-hazards-earth-syst-sci.net/13/1259/2013/


http://dx.doi.org/10.1029/2010JD014741
http://dx.doi.org/10.1029/2012GL051592
http://dx.doi.org/10.1002/hyp.8158
http://dx.doi.org/10.1029/2005WR004398
http://dx.doi.org/10.1029/2006GL028010

A. Farahmand and A. AghaKouchak: A satellite-based global landslide model 1267

Jaboyedoff, M., Oppikofer, T., Abellan, A., Derron, M.-H., Loye, Ren, D., Fu, R., Leslie, L. M., and Dickinson, R. E.: Predicting
A., Metzger, R., and Pedrazzini, A.: Use of LIDAR in landslide storm-triggered landslides, Bull. Am. Meteorol. Soc., 92, 129-
investigations: a review, Nat. Hazards, 61, 5-28, 2012. 139, 2011.

Jarvis, A., Reuter, H., Nelson, A., and Guevara, E.: Hole-filled Rossi, G., Catani, F., Leoni, L., Segoni, S., and Tofani, V.:
SRTM for the globe Version 4, Tech. rep., available from the HIRESSS: a physically based slope stability simulator for
CGIAR-CSI SRTM 90m Database, available bttp://srtm.csi. HPC applications, Nat. Hazards Earth Syst. Sci., 13, 151-166,
cgiar.org(last access date: 15 April 2013), 2012. doi:10.5194/nhess-13-151-2Q12013.

Joyce, R., Janowiak, J., Arkin, P., and Xie, P.. CMORPH: A method Sassa, K., Tsuchiya, S., Ugai, K., Wakai, A., and Uchimura, T.:
that produces global precipitation estimates from passive mi- Landslides: a review of achievements in the first 5 years (2004—
crowave and infrared data at high spatial and temporal resolution, 2009), Landslides, 6, 275-286, 2009.

J. Hydrometeorol., 5, 487-503, 2004. Sassa, K., Nagai, O., Solidum, R., Yamazaki, Y., and Ohta, H.: An

Kirschbaum, D. B., Adler, R., Hong, Y., Hill, S., and Lerner-Lam, integrated model simulating the initiation and motion of earth-
A.: A global landslide catalag for hazard applications: method, quake and rain induced rapid landslides and its application to the
results, and limitations, Springer, 2009a. 2006 Leyte landslide, Landslides, 7, 219-236, 2010.

Kirschbaum, D. B., Adler, R., Hong, Y., Hill, S., and Lerner-Lam, Segoni, S., Rossi, G., and Catani, F.: Improving basin scale shal-
A.: Evaluation of a preliminary satellite-based landslide hazard low landslide modelling using reliable soil thickness maps, Nat.
algorithm using global landslide inventories, Springer, 2009b. Hazards, 61, 85-101, 2012.

Kirschbaum, D. B., Adler, R., Hong, Y., Kumar, S., Peters-Lidard, Sorooshian, S., Hsu, K., Gao, X., Gupta, H., Imam, B., and Braith-
C., and Lerner-Lam, A.: Advances in landslide nowcasting: eval- waite, D.: Evolution of the PERSIANN system satellite-based es-
uation of a global and regional modeling approach, Environ. timates of tropical rainfall, Bull. Am. Meteorol. Soc., 81, 2035—
Earth Sci., 66, 1-14, 2012. 2046, 2000.

Lagomarsino, D., Segoni, S., Fanti, R., and Catani, F.: Updating an&orooshian, S., AghaKouchak, A., Arkin, P., Eylander, J., Foufoula-
tuning a regional-scale landslide early warning system, Land- Georgiou, E., Harmon, R., Hendrickx, J. M. H., Imam, B.,
slides, 10, 91-97, 2013. Kuligowski, R., Skahill, B., and Skofronick-Jackson, G.: Ad-

Larsen, M. C. and Simon, A.: A rainfall intensity-duration thresh-  vanced Concepts on Remote Sensing of Precipitation at Multiple
old for landslides in a humid-tropical environment, Puerto Rico,  Scales, Bull. Am. Meteorol. Soc., 92, 1353-1357, 2011.
Geograf. Annal. Ser. A., 75, 13-23, 1993. Spiker, E. and Gori, P.: National landslide hazards mitigation strat-

Larsen, M. C., Wieczorek, G., Eaton, L., Torres-Sierra, H., and egy — A framework for loss reduction, US Geological Survey
Morgan, B.: The December 1999 rainfall-triggered landslide and  Circulars, 1244, 1-64, 2003.
flash-flood disaster in Vargas, Venezuela, Eos Transactions Tian, VY., Peters-Lidard, C., Eylander, J., Joyce, R., Huffman, G.,
AGU Fall Meet. Suppl., p. 81, 2000. Adler, R., Hsu, K., Turk, F., Garcia, M., and Zeng, J.: Component

Lepore, C., Kamal, S. A., Shanahan, P., and Bras, R. L.: Rainfall- analysis of errors in satellite-based precipitation estimates, J.
induced landslide susceptibility zonation of Puerto Rico, Envi-  Geophys. Res., 114, D241@10i:10.1029/2009JD011942009.
ron. Earth Sci., 66, 1-15, 2012. Tofani, V., Dapporto, S., Vannocci, P., and Casagli, N.: Infiltra-

Lineback Gritzner, M., Marcus, W. A., Aspinall, R., and Custer, tion, seepage and slope instability mechanisms during the 20-21
S. G.: Assessing landslide potential using GIS, soil wetness mod- November 2000 rainstorm in Tuscany, central Italy, Nat. Hazards
eling and topographic attributes, Payette River, Idaho, Geomor- Earth Syst. Sci., 6, 1025-10380i:10.5194/nhess-6-1025-2Q06
phology, 37, 149-165, 2001. 2006.

Martelloni, G., Segoni, S., Fanti, R., and Catani, F.: Rainfall thresh-Turk, F. J., Arkin, P., Ebert, E. E., and Sapiano, M. R. P.: Evaluating
olds for the forecasting of landslide occurrence at regional scale, high-resolution precipitation products, Bull. Am. Meteorol. Soc.,
Landslides, 9, 485-495, 2012. 89, 1911-1916, 2008.

Mehran, A. and AghaKouchak, A.: Capabilities of Satel- Uchimura, T., Towhata, I., Anh, T. T. L., Fukuda, J., Bautista, C.
lite Precipitation datasets to Estimate Heavy Precipitation J.B., Wang, L., Seko, I., Uchida, T., Matsuoka, A., Ito, Y., Onda,
Rates at Different Temporal Accumulations, Hydrol. Process., Y., Iwagami, S., Kim, M.-S., and Sakai, N.: Simple monitoring
doi:10.1002/hyp.977Dnline first, 2013. method for precaution of landslides watching tilting and water

Mercogliano, P., Segoni, S., Rossi, G., Sikorsky, B., Tofani, V., contents on slopes surface, Landslides, 7, 351-357, 2010.
Schiano, P., Catani, F., and Casagli, N.: Brief communica- USGS: landslide hazard Program, Tech. rep., United States Geolog-

tion “A prototype forecasting chain for rainfall induced shal- ical Survey, 2006.
low landslides”, Nat. Hazards Earth Syst. Sci., 13, 771-777,Wieczorek, G. F. and Leahy, P. P.: Landslide hazard mitigation in
doi:10.5194/nhess-13-771-2Q012913. North America, Environ. Eng. Geosci., 14, 133-144, 2008.

Nadim, F., Kjekstad, O., Peduzzi, P., Herold, C., and Jaedicke, C.Wilks, D.: Statistical Methods in the Atmospheric Sciences, Aca-
Global landslide and avalanche hotspots, Landslides, 3, 159-173, demic Press, Burlington, MA, 2nd Edn., 2006.
2006. Yin, Y., Wang, H., Gao, Y., and Li, X.: Real-time monitoring and
Platt, J. C.: 12 Fast Training of Support Vector Machines using Se- early warning of landslides at relocated Wushan Town, the Three
guential Minimal Optimization, the University of Texas at San  Gorges Reservoir, China, Landslides, 7, 339-349, 2010.
Antonio, 1999.

www.nat-hazards-earth-syst-sci.net/13/1259/2013/ Nat. Hazards Earth Syst. Sci., 13, 125857, 2013


http://srtm.csi.cgiar.org
http://srtm.csi.cgiar.org
http://dx.doi.org/10.1002/hyp.9779
http://dx.doi.org/10.5194/nhess-13-771-2013
http://dx.doi.org/10.5194/nhess-13-151-2013
http://dx.doi.org/10.1029/2009JD011949
http://dx.doi.org/10.5194/nhess-6-1025-2006

