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FIG Introduction

Landslide: Is adownward or outward movemewf debris (e.g. soil, rock or

vegetation)under the influence afravity.

F = Resisting Force(R)

Resisting forces can be significantly reduced in cas€  pyiving Force(D)

rain or earthquakeibrations.
When, F< 1 = landslide occur

Source area F: Safety factor

Main pathway Recaiey
- Depositional area . J
e H«—um—
e Dodrock ey
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v
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Introduction

Solifluction
Creep

Slum Rock glacier

Debris slide Mudflow

Snow avalanche Rock slide

Rock fall Debris avalanche
Debris fall

Typical velocity of mass movement

Very
fast
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HH Main Factors that cause
landslides

1.Slope The steeper the slope, the larger the threat.

2 Precipitation Soil is typically more mobile when it is
wet.

3.\egetation increase stability, reduce water content
and control the sediment from eroding down the hill.
4.Soil: most mobile sediments like clay, silt, and mud.
5.0thersglevation, distance from faulendroads
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HH Motivation

®*Enormous property damage, direct and indirect

loss of lives (highly urbanized and remote
regions) and cost (infrastructure and utilities).

®Retreat the country growth trend.
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HHI Statlstlcs

-

Road collapsed 29 Nov. 2012 Jalan sungai lalandrive people escaped with minor
kajang injuries, a car, a van and a
motorcycle landed in the ravine
2  Collapse of a concrete 28 Dec. 2012 Bukit setiawangsa, Residents of 46 houses being
embankment KL. evacuated

19 Feb. 2013 Ara damansara,

Petaling Jaya .

3  Road collapse

4  Soil erosion 27 Mar. 2013 Beringin puchong
5 Soil erosion 7 May 2013 Bukit gasing, KL.
6  Sail erosion 9 May 2013 Near Amadesa

condominum, KL.
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18 families evacuated

A haffter from an apartment

Nine chrgied , jalan ampang
near the scene have been closed
to traffic.

Interrupted the traffic flow
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Study area

» Landslide Inventory: (1980-2010) shallow landslides

101°33'0"E

101°42'0"E 101°51'0"E

* Precipitation: Higkst amount during
Monsoons i.e. 150 240 (mm/month)
« Land cover: settlaent, peat swamp
forest, and

3°18'0"N

10000°E  101°00°E  102°00°E__ 103°00°E _ 104°00"E

abandoned mining, Bl Iry.-
grassland and few , w7
shrub areas.

- Temperature: | g .
(2910 32 C). .. N

Kilometers

10

Landslide Validation Points
Landslide Training Points
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Statistical trigger factors. lands.li.dcs. X
analysis _r - Susceptibility conditioning factors
Mullwar!aw assessment for - Objective in
Analysis specific area only. methodology.
H H Quantitative
Comparisons of landslide o | s
hazard assessment —] —————— [ - Quantitative factors of
I Disadvantages: safety analysis

classification methods (Aleotti

Objectives
I

Advantages
. Hazard degree
I Disadvantages determined after
fieldwork of a detailed
Use of index or Subjectivity in geomorphological by
_ parameter maps attributing weighted a large number of
Qualitative value, with long factors as attribute
methods Field process. database.
geomorphological analysis l
I Advantages:
N - Detail mapping of
I Disadvantages: the past landslides
Hazard occurrence
Assessment - Difficult to - Collecting

Bivariate - 8
/-\ Analysis prepare data, less sufficient
information on

Methods 2 .
consideration to

- External existing
models can be used with

- High resolution

Deterministic

and Chowdhury, 1999; Huabin Goowecnmioar ]| Analysis STRR Rt e high degrec of
. ; themes may be compatibility process
et al- 2005). engmnesng classified in and time effective.
- = $ 5 schnics
approaches  Fa i certain country - Gcotu.hmufl
tr()b::::;::: die torpolicy; Param'ctcrsd“_'llldbc "
PP’ S prevent to use the investigated in detail.
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G Objectives

1. To test the spatial nature pattern of landslide inventory
statistically, i.e. to determine whether it rejects the
independency of spatial pattern or not (i.e. random or cluster
distribution).
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Dispersed - = Clustered

2. To reduce the subjectivity of the experts opinions in AHP model,
through developing ensemble quantitative model.
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[ Selection of a study area ]
I
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v
14 Causative
factors
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219 Landslide
locations

E 70% =153

R (training data)
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Nearest Neighbor

g Index (NNI)

130 23
clustered dispersed
locations locations
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I
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Belief

application

Pairwise p—
comparison onslstency
AHP ratio < 0.1

Susceptible maps Production

Reclassify
and overly

Methodology

30% =66
(Validation
data) locations

Validation / Modeling Process and

83.5% Prediction
accuracy
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HH Spatial pattern analysis:
Nearest Neighbour Index (NNI)

e A2norder (local test), mostly describes the overall neighbochor sub-region patterns (Clark
and Evans, 1954).

1. Nearest neighbor distanaghich measures théistance from a specific landslide location to all
other locationgsthen, register only thehortes{ Eq. 1)

. | " [Min(dy)
Nearest Neighbor Distance = d(NN) = Z [T] D
where: i=1
Min (dij): distance between each point and its esaneighbor (m).
N: number of points.

2. Mean random distangavhich measures thexpected nearest neighbor distan¢es. If the
spatially random distributed points) (Eq. 2).

A
Mean Random Distance = d(ran) = 0.5 SQRT [;] 2)
* o L] L]
where: R I RO e . oo | 20 s
Ll L ® e e
A: area of study (f) oo ® |[oe ®| |
® . . . - ° O .
Dispersed - = Clustered
i i " A #
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HH Spatial pattern analysis:
Nearest Neighbour Index (NNI)

3. If the result ofNNI ( Eq. 3) is<1, it confirm clusterdistribution patterns

d(NN)
d(ran)

Nearest Neightbor Index = NNI =

3)

4. Z-testused to check if the result of Eq. 1 is significantly differeairfithe result of
Eqg. 2.
* Negative result of Z-testonfirms thecluster naturgand vice versa.

_ d(NN) —d(ran)

4)
SEd(ran)
5. The standard error of the mean random distance is calculated gsig E
(4 —mA 0.26136
SEawan) ~ SQRT |20~ | ~ SQRTINZ/A] ®)
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Evidential belief function
EBF

The Dempster—Shafer theory of evideftwfer (1976)considered as a spatial
integration model with mathematical representation, mainly insedheral

s

potential mappingCarranza, 2009).

Bivariate statically method, with Four output maps:

* Degrees of belieshowed the susceptible areasgrees of disbelieEhowed the
non-susceptible areasggrees of uncertaintghowed where the evidences are
insufficient to provide the proofs for landslide information, or guidedaher field
assessmenfegrees of plausibilityrepresented all the integrated maps evidence
except the disbelief map. Generally it shows where spatialredeare sufficient.
Or evidences are inefficient to prove where the landslide trigdecsat will effect.
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HH Evidential belief function
EBF

mass function. M:2° = {@,Tp,Tp",0} O ={Tp,Tp"}

where: Tp = class pixels effected by landslide
Tp = class pixels not effected landslide

MTp)Eij = [N(LnEij)/N(L)] / [N(Eij)—N(Ln Eij))/(N(A) —N(L)]= N/D

Bel= MTp)Eij / X MTp)Eij

where N (LNEij): number of landslide pixels in domain
N(L): total number of landslide, of N (LNE;)
N(Eij): number of pixel in domain
N(A): total number of pixels in domain, gt N(E;)
N: proration of landslide occur
D: proportion of non-landslide area
MTp~)Eij
= [(N(L) — N(LNEy))/NL)] / [(N(A) - N(L) — N(Eij) + N(L nEij) )/ (N(A) — N(1))]
= K/H

Dis = MTp )Eij / X MTp)Eij

Pls =1 —Dis Unc(Ignorance or doubt) = Pls — Bel
where: ] ] Unc = 1— Dis — Bel
K: proportion of landslides that do not occur
H: proportion of non-landslide areas in other attributes outside class Bel +Unc + Dis = 1
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HH Weighting of causative
factors by AHP integration

The quantified conditioning factors dfelief (Bel), acts as thenput datafor pair-wise
analysisnsteadof classic commo®-point pair-wiserating scale:

1. Predictor rating (PR); Degree (importance).

min ) min
where: SA: Index of spatial association (Bel)

2. Converting the fractional predictor into integer weight.

3. Using consistency ratio (CR<=0.1): Decision evaluation..

CR = CI/RI

Where: RI: Average of the resultant consistency index,
depends on the order of the given matrix
Cl: Consistency index
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HH Results and discussion
NN index results

Significance Level Critical Value

. (p-value) (z-score)
Expected Mean Distance (1457 m) S0, e SR
) i . i 005 [E3 -2.58--1.96
represents the limit distance which A — W o
010 X3 1.65-1.96
i 1.96 - 2.58
separates between theon-random and o g —
random distribution in the current study
area.
Observed Mean Distance: 781.195358 S I >
Significant Significant
Expected Mean Distance: 1457.634980 i \
Nearest Neighbor Rati 0.535933 :
z-score: -11.017207
p-value 0.00000!
NNI test showed a ratio of 0.53 <Jeuser Random Disersed

=3
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HH Pairwise comparison
results

Table estimated eigenvectorsof the pair-wiserating matrix and weights of predictors.

Predictor| Slope Aspe¢t Cunfe Rough Elgv. NOWVI SPI Dis_rpad_BDrain Ltho.| Soil[ Landcoy. Prec| Dis_fagltY>sum Frac'tiona Intgger
weight weight
Slope 0.05| 0.05| 00§ 0.0 006 0045 0.05 0.0 0.05 0.05 D.05 05 Of 0.05 0.05 0.76 0.055 18
Aspect | 0.03| 0.03] 003 0.0 003 0.03 0.03 0.03 0.93 Qo3 .03.03 0| 0.03 0.03 0.44 0.031 10
Curve 005| 0.05( 00§ 00% 00p 005 0.05 0.06 0.5 005 .05 05 0f 0.05 0.05 0.71 0.051 16
Rough 012| 012 014 012 012 032 012 0.1 0.12 0.12 D.12 12 0f 0.12 0.12 1.74 0.124 40
Elev. 011( o011 0114 013 01f o011 041 0.11 0.31 of11 11 11 0 011 0.11 154 0.110 35
NDM 0.04 | 0.04 [ 0.04| 004 004 0.04 0.0# 0.04 0.04 0p4 Q04 40.0 004 0.04 0.53 0.038 12
SPI 011| o0a11| o011 o011 o1r o1 o1 0.1 0.11 0|11 .11 0f110.11 0.11 1.49 0.107 34
Dis_road| 0.08/ 0.08/ 0.04 0.0 0.08 008 0.08 0.8 0.08 4.08 8 p.0 0.08 0.08 0.08 1.05 0.075 24
Dis_drain| 0.04| 004 0.04 0.04 004 004 0.04 0.4 0.04 00404 p. 0.04 0.04 0.04 0.55 0.039 13
Litho. 010| 010| 010 019 o0.1 0.1p 0.10 0.1 0.1p ofi0 Q.10 .100( 0.10 0.10 1.36 0.097 31
Soil 004 | 0.04| 004 004 004 o004 004 0.04 0.04 004 Q.04 4 0p 0.04 0.04 0.63 0.045 14
Landcov.| 0.07| 0.07| 007 00f o007 0.7 0.7 0.7 0.7 q.07 7 p.0 0.07 0.07 0.07 1.04 0.074 24
Prec. 0.07| 0.07| 004 o00f o007 0.07 0.07 0.7 0.07 q.o7 D.07 07 Of 0.07 0.07 0.96 0.068 22
Dis_fault| 009| 009 009 009 00p 009 049 0.0p 0.q9 0]09 09 §. 0.09 0.09 0.09 1.20 0.085 27
2sum 1.00 1.00 1.00 | 1.00 | 1.00 | 1.00 | 1.00 1.00 1.00 1.00 | 1.00 1.00 1.00 1.00 14.00 1.00 320.94
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HH Results & Discussion

Conditioning factor s of Ensemble modelling using Conditioning factors of Ensemble modelling using
cluster pattern locations random pattern locations
Aspect = |[mportance level Aspect == Importance level
NDVI
H Dis_fault i
Dis_drain Linear (Importance oI —Linear (Importance
i level)
oil
Dis_drain
o Curve Soil
o
E SFlope ‘RZ — 0,9$ Curve
> rec. Slope
‘S Landcov.
s Prec
g Dis_road Dis_road
S o
D|s_-fault Landcov.
Litho. Litho.
SPI Elev.
Elev. spI
Rough Rough
0 10 20 30 40 50 o 10 20 30 40 50
Integer weights Integer weights

The distance from faults, has a direct relationship with claster, as the majority of
landslide eventi accumulate near the fracture faults.
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HH Results & Discussion

1. Atotal of 219 landslide locations were randomly divided and into 30% (66)
validation data, 70% (153) training data.

Training data (153) points were tested by NN index.
LSM1 using EBF with random pattern locations .

LSM2 using EBF with cluster pattern locations.

o ~ w0 D

LSM3 using ensemble EBF in pair wise comparison with random pattern

locations.

6. LSM4 using ensemble EBF in pair wise comparison with clustesrpatt

locations.

7. Al LSMs results compared, then validated with unused landslidédoca
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Landslide susceptibility
results usmg EBF

Fic

o Clustered training locations o Random training locations

Cluster selection technique @ Random selection technique

mm Not susceptible mm Not susceptible

o Low 0 36 12 polow

= Moderate - = Moderate

mm High Kilometers mm High
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Landslide susceptibility
results using Ensemble method

FIlG
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G Validation

Area under prediction curve, plotted withknown spatial pattern data of 66
landslidelocations.

Prediction rate curve

100 -
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Ensemble with Cluster pattern= 83.5%

Cumulative landslide occurance

40 -
30 === Ensemble with Random pattern=82%
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Conclusion

1. Importance of utilizing the computation power of GIS in natural hazards.

2. A 2nd order statistical test of nearest neighbor index was applied tordeéer
whether landslides pattern rejects the independency of spatial pattern or not.

3. Some drawbacks of the AHP and EBF model when applied individually.

4. Landslide inventory shows 88% of events has cluster pattern rather than random

pattern of other 12% locations.

5. spatial association between the bivariate EBF and the pair-wispaz@on of AHP
showed higher prediction accuracy than individual method and in case of cluster

pattern than random one.

6. The ensemble optimized the input layers, which can be served as msgaircle

advancement in data scarce environments.
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