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Abstract

ABSTRACT

This thesis outlines the development of a landdhdentory and a series of large
scale slide and flow category landslide suscegybzoning models for the wider Sydney
Basin study area as well as for the Wollongong L&@avernment Area in NSW, Australia.
With these zoning maps, this project has producseri@s of planning tools to facilitate the
implementation of the AGS (2007) Landslide Risk gament (LRM) guidelines within
government. The structure of the NSW based larelshdentory has been redesigned to
adopt the world’s best practise. The enhanced M&egg database schema and the GIS
spatial database will facilitate the growth of thgentory for the next 5 to 10 years. This
GIS spatial database now includes 1840 landslinéstal. These landslides comprise 1,435
slides, 273 flows and 132 falls. In general, niifietent GIS based datasets were used in the
modelling as the landslide causative factors. Thyh liesolution ALS data and NASA

Global DEM are the main datasets utilised to predhe DEM and its derivatives.

The ArcGIS Add-In Landslide Data Mining (LSDM) tdalr has been developed
during this research to automate the process ofelmbelelopment by combining the GIS
and various Data Mining techniques such as Seebasdt been successful in landslide
susceptibility modelling with large scale, high olkegion datasets of around 300 million
pixels. A See5 pruned decision tree approach has bged to model landslide susceptibility
and the corresponding landslide confidence wasrm@ted from the Laplace ratio of the
rule based predicted classes. The MEMO curves (Bisification Error vs. Minimum
Observations per terminal node) have been intralteweetermine the equilibrium point of
the misclassification error curves and to derive tptimum pruning parameters. The
structure of the pruned decision tree depends ernflormative patterns extracted from the
input datasets. Thus, the relevance of the inpuibfa and the relationship between the input
variables and the landslide occurrence derived fiteertree structure is unique to each data

set.
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The effect of the basic unit of this spatial moidejlwork (pixel resolution) on the
accuracy of the modelling outcome has also beesstigated during this research for a trial
90knt study area with a complete landslide inventorye Tiodel based on the 10m pixel
resolution was found to yield the best performingdel amongst all the tested resolutions.
Therefore, it was decided to conduct the wider 8ydBasin study area modelling at the
same 10m resolution. The ratio between the squereaf the mean landslide area of the
inventory and the area of a single pixel, hereinméesl as the deltad) ratio, has been
developed as an effective quantitative metric & thodelling rigour given the landslide
inventory contains sufficient number of recordshds been proposed that the recommended
magnitude of thé value for this type of work should ideally aimlte as close to 1.5 as
possible. If the ratio is significantly less than 1.5 (say 0.1grhhis is an indication that the
pixel resolution being used is potentially too E@mnd may not be modelling the processes
adequately. Conversely, if tleeratio is significantly greater than 1.5 (say 3rtftone could
argue that the modelling is being done at an urssecdy fine resolution although this issue

is less likely to occur.

The final slide and flow category landslide susitglity maps show that the Seeb
based data mining approach has been successfdating the modified AGS (2007), Table
4 objectives introduced herein. The combined highl eoderate classes of the Sydney
Basin slide and flow models, and the Wollongondesiand flow models cover 10%, 30%,
11.5% and 10% of the study area respectively anthoo 93%, 86%, 96% and 81% of the
landslide inventory respectively. The 5-fold creatidation accuracies of the slide and flow
models are greater than 90% and 77% respectivelie whe corresponding Area Under
Curve value is greater than 95% and 81% respegtifdle field validation results indicate
that the slide models exceed a 90% conservativeesacwhile the flow models exceed a

67% conservative success.

The development of slide and flow category landskdsceptibility zoning across

the Sydney Basin provides a seamless coverage @¥docal governments, which are



Abstract

considered to be useful, where no other informagixist for local governments, at regional
to local advisory level for land-use planning pegmes. Considering the landslide
inventory developed thus far for the Sydney Bat$iare are no recorded slides in 40 Local
Government Areas (LGA'’s) and no recorded flows L% A’s. However, despite the lack
of landslide records, the landslide susceptibdisgessment of 23 LGA's indicate that more
than 30% of their land is susceptible to eithewflar slide category landslides at a moderate
to high level. It indicates that the landslide hdzia major parts of the Sydney Basin could
be much higher than it is currently anticipateds Ibf great importance that this inventory is
further expanded and maintained into the futuranbgracting with the local and or state

governments. This will enable future iterationsh@ susceptibility models.

In addition, two landslides in our inventory haweeh studied in detail to provide a
context to the landslides within the Sydney BaS3ihe landslides discussed in these case
study chapters have been assessed for landslideildlity at a more refined scale than the
regional spatial model. The main aim of these csdies is to present a methodology to

conduct site specific landslide susceptibility asseents.

Vi
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CHAPTER 1: INTRODUCTION, AIMS, OBJECTIVES AND SCOPE

1.1 Background to landslides within Australia

Landslides are a widespread geo-hazard well-knawrudstralia as well as to
many other countries around the world and oftere @osignificant threat to the community,
establishments, housing, roadsd other infrastructure. In the scheme of internationa
landslide hazard and losses, Australia does nog fsignificant landslide hazard. For
example, life and property losses due to landgidin Australia is negligible compared to
the devastation caused by the landslides in SicRuanince, China (Qi et al., 2011; Cui et
al., 2014) and North India (Pareek et al., 2018%taying hundreds of villages and killing
thousands of people. Catastrophic landslides howbese the potential to occur throughout

Australia. For example, events prior to recent lfections include;

a 100,000 ridebris flow in the Hobart suburb of Glenorchy 728

+ a 30,000 mdebris flow near Montrose in the Dandenong Raiyé891
« a total volume of over 300,006mof debris flows and slides, originating from the
coastal escarpment above Ellis Beach downs lope amtd the Captain Cook
highway, north of Cairns, Sunday™danuary 1951
« 12 million nProck avalanche in North Natta in 1965
If any of the first three of these were to occutay, many hundreds of people may
be directly in the flow paths. In recent times,colirse, significant landslide tragedies have

occurred;

e the Coledale mudslide in northern Wollongong in 2,98.23am on Saturday, April
30, volume - 25,000Mm(2 deaths, and this event ultimately lead to axiprately
$100 million in remediation and upgrade works tongnaens of sites along the
lllawarra South Coast railway between 1988 and 1990

« the Gracetown landslide, volume - 800(® deaths, 3 injuries) in south-western

Australia, on 27 September 1996, 2.45pm
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« the Thredbo landslide, volume - 1,500n(18 deaths, 1 injury, and $24 million in

remediation works), at 11.35pm on"30uly 1997.

The non spectacular landslides, the slower movamgislides, or the small rock
falls and debris flows have cost enormous amountiamage to property and infrastructure,

remediation and in some instances, even lossef lif

Leiba (2013) summarises the landslide related damagported from various
regions in Australia up to 2011. According to L2{2013), across Australia, 114 landslides
are known to have caused injury or death duringptitend 1842 to December 2011. At least
138 people have been killed and 174 were injuregrirg the period January 2000 to
December 2011, 24 people died and 100 were injunedustralia as a result of 46
landslides, an average of two deaths per year.ak @also noted that, over half of the
landslides causing injury or death reported duthey period 2000 — 2011 were directly or

indirectly human-caused.

Across Australia’'s densely populated areas inclydiNewcastle, Sydney and
Wollongong in New South Wales and within Melbouamsl the surrounding area in Victoria
and across south-eastern Queensland slope instadslies have received attention over the
last few decades as a result of more intensiveldewent of urban infrastructure. With the
diminishing resources of available land resultimgnf the increasing population and
urbanisation, the built environment is now expagdimto the more susceptible hill-sides.
Hence, there is an increasing likelihood of dantageroperty, urban infrastructure and loss
of life from landsliding. This is of course a tremmt only across Australia, but also
internationally. Further, due to the potential dpmin climate, the frequency of the more
extreme climatic events is likely to increase. Hfare, investing in enhanced tools to

manage and apply landslide risk management stest@gust be encouraged.
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1.2 Landslide risk management within Australia

The risk based assessments were first introducatietcAustralian geotechnical
community by Walker et al. (1985). With the incregsdemand to conduct stability
assessments in time, these were considered inddetguarovide the necessary guidance to
the geotechnical practitioners although it mushbied that they did serve as an introduction
to the concept of risk management. They were theised and a more refined methodology
was introduced in 2000 by the Australian GeomedasaSiociety (AGS). This was a timely
document within Australia, coming a few short yeafter the Gracetown and Thredbo
landslides, being published whilst the coroner'sjuiny into Thredbo landslide was

underway.

As a response to the report entitled Natural Désasn Australia (COAG, 2004),
Middlemann (2007) recommended establishing a nafde co-ordinated and
comprehensive data collection system, researchanalysis across all levels of Australian
government to facilitate a better understandinghatural disasters and mitigation. Most
importantly, both these reports encouraged a dfesttere and evidence-based disaster
mitigation system beyond ordinary relief and reegvd-urther, US National Landslide
Hazards Mitigation Strategy (Spiker and Gori, 20@nphasised expanding landslide
research and collaboration between governmentlaewtls, academia, and the private

sector.

The legislation on land planning and developmenfisstralia is different from
state to state. The states of NSW, QueenslandpNdctand Tasmania have rules and
regulations concerning the constructions on shiasdre prone to landside hazard. In NSW,
State Environmental Planning Policies (SEPP) peadramework for the development of
planning policies at the local government leveleTtocal Environmental Plans (LEP) are
integral parts of NSW planning system. They arete@ by local councils in consultation
with local communities. They guide planning deaisifor local government areas. The

Wollongong Development Control Plan (DCP, 2009)lines planning controls for the

3
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Wollongong City and Chapter E12 of this DCP addreshe geotechnical assessment of
slope instability. As per these regulations, ifiisequirement to test the area of a proposed

development for slope instability.

As the risk based systems in managing landslidardazcontinued to earn wider
recognition, in 2007, the Australian Geomechanicgi&y, a sub-group of Engineers
Australia, produced an enhanced series of Landftide Management (LRM) guidelines
(AGS, 2007). This project was funded by the NatioBesaster Mitigation Program
(NDMP). These guidelines help practitioners cargg stability assessments for housing
allotments, and for use more widely in slope engjiimg, using risk assessment procedures.
Also, they present a uniform terminology; definggeneral framework for landslide risk
management; provide guidance on methods used itp cat the risk analysis and provide
information on acceptable and tolerable risks ésslof life. AGS (2007) formally called for
the development of landslide inventories, suscéyiband hazard zoning maps for all
landslide susceptible areas and incorporated theeg of “evidence based management”
which is the corner stone of modern internatiomahaept of risk management. Dr Phil
Flentje, one of the supervisors of this PhD projeas one co-author within a larger team of
these papers. Based on the landslide risk managermecepts and the content published in
the AGS (2007), the International Landslide Risknagement Guidelines (JTC-1) were

published in 2007 (Fell et al., 2008a; Fell et2008b).

The AGS (2007) guidelines are being adopted acrassiralia, but not yet,
universally. Some state governments have poliggarding the application of landslide risk
management concepts while some do not, but thik wsogenerally carried out by local
governments. Some local governments utilise ladediazard or susceptibility zoning maps
to identify properties for which further geotechaliégnvestigations are required. However,
most of these local governments do not have laelslisk management expertise
(geotechnical engineers or engineering geologistaployed in house to develop the

necessary tools or prepare the required landstideng maps or adequately assess submitted
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geotechnical reports which address the issue. eftrer, the LRM work is frequently
outsourced to consultants. As a result of this,dbentry today consists of an incomplete
patchwork of different LRM strategies and tools hwidkn enormous unknown cost. At
present, the lack of a Geographic Information SystgGIS) based national landslide
inventory and a preliminary, regional or even Aalkér wide susceptibility zoning are
important gaps in the national LRM process uptdltee other main gaps are uniform and
consistent state government and local governmelitigm for LRM and state government
bodies to administer the policies relating to ldidésinventories and susceptibility mapping.
The availability of necessary tools and data wairldble and enhance the application of the

LRM guidelines into local government processes.

This thesis discusses the development of a sefriglsiraning tools to help facilitate
the implementation of the AGS (2007) LRM guidelinesthin state and or local
governments. Also, the work completed herein ist@mpt to address the new paradigm in
risk management of due diligence. The University\dllongong landslide inventory has
been expanded from its Wollongong centric focusaeer all of NSW. This work has been
completed within a GIS data management environraedt Data Mining techniques have
been incorporated into this work as the preferredetiing technique. The ArcGIS version
10 from Environmental Systems Research InstitueRlE and See5 are the main software

applications that have been used to perform thea@tBData Mining tasks respectively.

Landsliding in Sydney and surrounding regions hasnbwidely discussed by
many authors (Fell, 1995; Flentjie and Chowdhug0% Fell, 2006; MacGregor et al.,
2007) and such sources of information, amongstreti@ve been used extensively in this
project. The review of these Australian works hasvigled a strong background to this
thesis. As the work has progressed, relevant iatiemmal literature has been reviewed and
incorporated. The University of Wollongong Landsli@esearch Team (LRT) has developed
a comprehensive landslide research web interfacehwhan be viewed at the link

http://eis.uow.edu.au/cme/landslide-research/idex.From this site, interested parties can



Introduction, Aims and Objectives  Chapter 1

find links to our Sydney Basin and Wollongong Loc&overnment Area (LGA)
susceptibility modelling outputs and also a linkdownload the Landslide Data Mining

(LSDM) Add-In toolbar developed for ArcGIS.

1.3 Scope
1.3.1 Sydney Basin study area

The preparation of seamless landslide suscepyibitiaps for the Sydney Basin
discussed herein involves a region extending frouswellbrook in the north, to Batemans
Bay in the south and west to include the Blue Maing, an area of 30,603 krim NSW,
Australia (Figure 1.1). The Australian landmasg,817,930 krhin area and of this, NSW
covers 10.6% (809,444 Kin The Sydney Basin study area occupies 0.4% ofrizia land
and 3.8% of the state of NSW. However, in termsth@ population distribution, the
Australian Bureau of Statistics 2011 census datavshthat the Sydney Basin study area
contains 5.4 million people, about one quartehefgopulation of Australia. Also, this study
area is currently represented by 64 local govertraezas (LGA’s) although talk of local

government amalgamations within NSW is currentighlighted in the media.

1.3.2 Wollongong Local Government Area

The northern part of the Wollongong City Council AWEM was significantly
enhanced with a new Airborne Laser Scan (ALS) @atdsat became available to this
research project in 2015 after finalising the Sydrigasin modelling. The landslide
susceptibility of the Wollongong LGA was re-moddlleith this new data and other large
scale datasets available for this study area. &Ngbng is the largest city within the
lllawarra region of the New South Wales. The Wagjong City Council LGA is bounded by
the town of Helensburgh and Garie Beach in thehndktindang in the east and Macquarie

Pass in the south-west, including an area of 7Rh?7(Figure 1.2).
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This is where the main supervisor of this PhD prpjBr. Phil Flentje commenced
his landslide research in 1993 in collaborationhwtte Wollongong City Council with

contracted funding continuing up to 2020.

1.4 Aims and objectives

The main aim of this research is to facilitate #a®ption of better LRM practices
across the Sydney Basin region. The main elemeftghis research include the
redevelopment of an existing landslide inventorgt Eamdslide susceptibility zoning maps at
a scale and resolution to aid the local governmentand-use planning. The main aims of

this research work have been achieved with thevatlg objectives.

» Compile a GIS based landslide inventory with a sehequivalent to worlds best
practice.

» Compile other seamless GIS-based datasets foritlex ®ydney Basin area with the
highest resolution possible.

* Selection of an effective data mining method whecbapable of making effective and
consistent predictions over a large area.

* Develop a VB.NET Add-In for ESRI ArcGIS v10, Landig Data Mining toolbar for
ArcGIS to integrate the GIS and data mining techegjand automate the process of
data preparation, data mining and converting the iéning outcome into a raster data
layer.

« Develop research methodologies to optimise modébprance and investigate on
selecting and preparing input data to train the eheffectively.

* Quantitatively assessing what grid or pixel resoluts most appropriate for this type of
GIS based analysis.

* Prepare landslide susceptibility maps in a consisied transparent manner across the
wider Sydney Basin region fulfilling the requirentenf the LRM guidelines and

developing a technique to quantitatively validdiese output maps. These maps have
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been at a sufficiently large scale so as to belsigitwhere no better information exists,
as a first pass local government Development CbRtem landslide susceptibility
zoning map.

Assess mapping and subsurface investigation datarsadyse monitoring records for
two representative landslide case sites and corstialgility assessments to assess the
mechanisms of failure at these case study sitescatetermine the relevant factors of

safety.
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CHAPTER 2: LITERATURE REVIEW

2.1 Introduction

This chapter has three main aims. The first ontoiseview the landslide risk
management concepts presented in national andnatienal guidelines on conducting
landslide risk management and to describe the ablendslide susceptibility assessment
towards managing landslide risk. The second aita review the current status of landslide
susceptibility assessments worldwide including tingslandslide inventories and various
methods being employed to conduct landslide suiiipt assessments. Finally, this
chapter discusses the data mining techniques &évatlbeen used herein for this purpose. The
literature that discusses the issues related tolénity of the model inputs and the output are
considered useful in developing new techniquesaedyce satisfactory outcomes to be used

in local government decision making processes.

2.2 Landslide Risk Management (LRM)

Soil and rock mechanics concepts and geologicacshave been considered as
the most prominent factors that provide valuabsgints in to the behaviour of rock and sail,
thus play a major role in determining the stabilify earth works, foundations and soll
slopes. However, the spatial and temporal unceiggiin geo-processes should be addressed
when developing any geo-technical model. For examiie reliability index would be a
more realistic indicator over the factor of safietyleterministic modelling when uncertainty
is incorporated. In recent years, awareness lofassessment concepts have been considered
as important in managing geo-hazards and muchtiaiteilmas been given to the adoption of
probabilistic concepts systematically in uncertpinssessments associated with risk and

hazard (Chowdhury and Flentje, 2008).

In many areas of the world, preparing landslideirpmmaps has become an
essential part in managing and planning land-usaskist local governments. An early

reference to the term ‘zoning’ was given by Var(iE384), as the division of land surface
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into ranked areas to compare the actual or potdmzard from landslides or other mass
movements. Landslide susceptibility zoning andhtlandslide hazard zoning are the first
two steps required to complete a landslide riskirmprwork. The process whereby the
identification of landslide susceptibility zonessbd on known landslides, geology, slope,
topography etc is commonly known as landslide suiffmiéty modelling. This work is

completed with the aid of a Geographic Informat®ystems (GIS). These terms are further

discussed in the following sections of this chapter

With the introduction of the AGS (2007), a trangwdr process now exists to
facilitate better outcomes irrespective of the gtadea being considered as well as to
provide a common base to compare landslide zonimgsrprepared across Australia. Table
2.1 lists the all the source documents relatedhto AGS Landslide Risk Management
guidelines and commentaries and hereafter in tigisis these are referred to, collectively, as

AGS (2007).

Table 2.1. Source documents of AGS (2007)

Guideline Title Abbreviated Title Reference

“Guideline for landslide susceptibility, hazard aiak
zoning for land use planning”, Australian Geomechsnic
Vol 42 No 1, March 2007.

Landslide Zoning

Guideline AGS (2007a)

“Commentary on guideline for landslide susceptipili

hazard and risk zoning for land use planning”, Aal&n ggrr:;r:negtuai:jyelci)rr]\eLandsllde AGS(2007b)
Geomechanics, Vol 42 No 1, March 2007. 9

“Practice Note guidelines for landslide risk

management”, Australian Geomechanics, Vol 42 No 1, | Practice Note 2007 AGS (2007c)

March 2007.

“Commentary on Practice Note guidelines for landslidk
management’, Australian Geomechanics, Vol 42 No 1,

Practice Note AGS (2007d)

March 2007. Commentary
“Australian GeoGuides for slope management and
maintenance”, Australian Geomechanics, Vol 42 No 1, | Australian GeoGuides AGS (2007¢)

March 2007.

The international guidelines for susceptibilityzhed and risk zoning for land-use
planning and their commentary were published by dbent Technical Committee on
landslide and slopes (JTC-1) in 2008. These intenmal guidelines were developed based

on the AGS (2007) guidelines, to assist landsligl@irg and risk management programmes

12
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to produce well defined zoning maps as a part stractured methodology and to share a
common terminology across the world. These werdighdad in the Engineering Geology

journal as two separate documents, the landslidlngaguidelines (Fell, et al., 2008a) and
the commentary (Fell, et al., 2008b) and hereaftethis thesis these are referred to,

collectively, as JTC-1 (2008).

According to both AGS (2007) and JTC-1 (2008) gliigks, the main components
of the landslide risk management are risk analysik,evaluation and risk treatment (Figure
2.1). This involves the identification of hazarddaassessing the risk based on the likelihood
and consequences of a landslide event. Some com¢adures should be taken to reduce the

risk if the calculated risk level is higher thae hicceptable value (Fell, et al., 2008a)

The guidelines have emphasised that the level hadstale of landslide zoning
(preliminary, intermediate or advanced levels ofeimory, susceptibility or hazard zoning)
depend on the ultimate purpose to be served (rafidocal or site specific zoning for
information, advisory or statutory purposes) arng sbale of the input data. Moreover, the
scale at which the zoning maps being prepared dhmeilsatisfactory enough to display all
the required information at particular zoning leviebr example, as per Cascini (2008),
landslide inventory and susceptibility to informlipg makers and the general public can be
conducted at small (<1:100,000) scale for an areatgr than 10,000 KmThe scale of the
landslide inventory and susceptibility zoning fegional development and local areas varies

from medium (1:10,000 - 1:25,000) to large (1:25,601:5,000).

However, these scale ranges are only suggestiahst as worthwhile to query
whether these specifications are written with d fudderstanding of GIS capabilities.
Therefore, this aspect of scale and source inpuat idafurther considered and examined in

detail for the study area of this thesis in Chapter
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2.2.1 Landslide Classification

AGS (2007) and Fell et al. (2008a) define a landsiis “the movement of a mass

of rock, debris or earth (soil) down a slope”.
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Figure 2.1. The Frame work for landslide risk maragnt (JTC-1, AGS 2007)
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Further describing the key items in this definitimeimely, material moved and the
failure type, landslide classification methods haeen established by the geotechnical and
geological institutes around the world to commutdcéandslide identification details
effectively. The classification framework presenitedhe Special Report 29 in 1958 by the
United States Highway Research Board has beconslaegognised classification system.
A later publication by Varnes (1978), further enteehthis classification to include rock and
soil slow distributed movements (creep), toppliagures and spreading. Subsequently, this
became one of the widely used classification systemthe world. In addition, in 1988,
Hutchinson (1988) adopted the same Varnes (19&cky scale but presented a slightly

different classification system (Flentje, 1998).

Varnes (1978) has been revised and the updateibwef€ruden and Varnes,
1996) has been published incorporating the findimgtandslide research since 1978. In
AGS (2007), Varnes (1978), Hutchinson (1988) anadd€n and Varnes (1996) classification
systems have been acknowledged and for the purpbseassifying and describing
landslides for the landslide risk management, Qmualed Varnes (1996) system has been

adopted.

As per the AGS (2007), the material involved ilisig can be described using two
terms namely Rock, Soil, Earth and Debris. Soifugher broken down into Earth and
Debris. It is acknowledged herein that this isagood engineering geological classification
of material types. This point is addressed furtimethe following paragraph. Also, the
movement type can be described using the terms Fafiple, Slide, Spread and Flow.
Combining these terms (Rock fall, Debris flow),dahde classifications are derived. When
a detailed description of the landslide identtiima is necessary, further terms can be added
to include the status of landslide activity, moestrate and water content as given in Table

2.2 and Table 2.3 which are a reproduction of theld B1 of AGS (2007).
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Table 2.2. Activity

Literature Review.

Chapter 2

State Distribution Style
Active Advancing Complex
Reactive Retrogressive Composite
Suspended Widening Multiple
Inactive Enlarging Successive

Dormant Confined Single

Abandoned Diminishing

Stabilised Moving

Relict

Table 2.3. Description of first movement

Rate Water Content Material Type
Extremely Rapid Dry Rock Fall
Very Rapid Moist Earth Topple
Rapid Wet Debris Slide
Moderate Very Dry Spread
Slow Flow
Very Slow
Extremely Slow

Hungr et al. (2014) revised the Varnes (1978)si@sition system in terms of
defining the landslide forming material. A broadsdification system has been introduced to
specify material types based on the engineerindpgimal classification terminology. This
system now uses the terms Clay, Mud Silt, Peatleedo define landslide material. Also,
with other minor modifications, 32 different lande types have been introduced.
Applicability of this classification system is s$tiinder debate as this has significant
implications for existing worldwide landslide inwenes. In the future, perhaps with further
modifications, the changes recommended by thisifleation system will be adopted by the
landslide researchers and practitioners. It is iherieowever, acknowledged as a good

development and long overdue.

2.2.2 Landslide Susceptibility

The Australian Geomechanics Society Landslide REnagement Guidelines
(AGS, 2007) and JTC-1 2008 (Fell, et al., 20084, Eeal., 2008b) suggest development of
landslide inventories and then landslide suscédyibzoning as the essential first step
towards landslide risk assessment for effectived lase planning. AGS (2007) defines
landslide susceptibility as;
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“A quantitative or qualitative assessment of thessification, volume (or area) and
spatial distribution of landslides which exist oot@ntially may occur in an area.
Susceptibility may also include a description o tlelocity and intensity of the existing or

potential landsliding”

AGS (2007) defines three types of landslide zonilagdslide susceptibility,
landslide hazard and risk. Landslide susceptilbdidging map is the main input to the zoning
of landslide hazard and then risk. The main poexsacted from the description of the

landslide susceptibility zoning as per the guidediare listed below.

» “Classification, volume (or area) and spatial dlsttion of existing and potential
landslides in the study area”

* ‘It may also include a description of the travedtence, velocity and intensity of the
existing or potential landsliding”

* “Developing an inventory of landslides which havecarred in the past together
with an assessment of the areas with a potentiaxperience landsliding in the
future, but with no assessment of the frequencynyah probability) of the
occurrence of landslides”

* “In some situations susceptibility zoning will needbe extended outside the study
area being zoned for hazard and risk to cover dreaswhich landslides may travel
on to, or regress into the area being zoned”

AGS (2007) and Cascini (2008) discuss that with thereasing level of
sophistication of the zoning work (basic, internaeliand sophisticated), the methods that

can be used to,

» Prepare an inventory of existing landslides andadtarisation of potential
landslides,
« Determine the travel distance and velocity and,

» Assess the frequency of landslides, may vary.

17
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Furthermore, the methodologies used to developegtibdity zoning can be categorized

as,

e Heuristic and empirical models,

» Statistical analysis or empirical models or simetfanalyses (for travel distance
and velocity assessments) and,

» Deterministic (physically based or geotechnical elsj/ statistical or deterministic

procedure (for frequency assessments).

2.2.3 Landslide susceptibility zones and classificatibsusceptibility grids

The AGS (2007) guidelines introduce landslide sptbgity descriptors to
standardise the nomenclature used to classify andrithe landslide susceptibility indicated
by the each susceptibility zone (class) and to comoate this information in a consistent
manner among different geotechnical professional #yislators. The recommended
landslide susceptibility descriptors as per Tal{®) 4nd (b) of AGS (2007) are included
herein as the Table 2.4. The Table 4(a) of AGS 12@desents the proportion of rock fall
trajectories reaching the zone or the proportioreath susceptibility zone in which the
landslides are likely to occur in the future, ahdsiof note that this is a guideline only.
Similarly, Table 4(b) of AGS (2007) presents thearmamended proportion of the existing
landslide inventory that should be included in etafdslide susceptibility class. As per
Table 4(b) of AGS (2007), the proportion of the dslide inventory included in each
landslide susceptibility zone can be used to meashe performance of a landslide
susceptibility model. This indicates the ability @fmodel to produce a reliable landslide
susceptibility mapping outcome. The fundamental ainthe landslide susceptibility model
should be able to constrain the highest percentdghe landslide inventory within the
highest susceptibility zone while minimising theclided portion of the study area.
Similarly, considering other three susceptibilitasses, the lower the level of susceptibility,
the lower the percentage of the landslide inventorgt higher the percentage of the study

area that should be included. Flentje et al. (2Dp®izae used the distribution of modelled
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confidence values with the percentage of the lahelshventory captured in each zone to
define the landslide susceptibility class boundaridowever, in most of the literature
studied herein, susceptibility and hazard modelge h@ot been assessed in terms of their

ability to meet these requirements.

Table 2.4. Landslide susceptibility descriptors,A\@007) Table 4(a) and (b)

Susceptibility
Descriptors

Rock Falls

Small Landslides on
Natural Slopes

Large Landslides on
Natural Slopes

(a) Quantified susceptibi

lity descriptors

Probability rock falls
will reach the area given

Proportion of area in
which small landslides

Proportion of area in
which large landslides

rock falls occur from a may occur 2 mav occur > @
cliff®
High susceptibility >0.5 >0.5 >0.5
Moderate >0.25t00.5 >0.2510 0.5 *0.2510 0.5
Susceptibility
Low susceptibility >0.01100.25 >0.01 to 0.25 >0.01100.25
Very low susceptibility 010 0.01 01t00.01 0100.01

(b) Relative susceptibility descriptors

Susceptibility
Descriptors

Rock Falls

Small Landslides
Natural Slopes

on

Large Landslides on
Natural Slopes

The proportion of the total
landslide population in the
study area.

The proportion of the total
landslide population in the
study area.

The proportion of the total
landslide population in the
study area.

High susceptibility =0.5 =(0.5 =0.5
Moderate Susceptibility =0.11t00.5 >0.1100.5 >0.1t00.5
Low susceptibility >0.01t00.1 >0.01t00.1 >0.01t00.1
Very low susceptibility 0100.01 010 0.01 0100.01

Notes
6]

uncertainty in travel distance.

@
3
@

Based on landslide mventory. geology. topography and geomorphology.
Usually this is active, dormant and potentially reactivated slides. not first time slides.

Spatial probability determined from historic, relative stability indexes. data or analysis taking consideration of the

- : : : : 3
By “small” landslides is meant here landslides which are less than about 1000 m ™ volume.

The recommended distribution of the existing laiddsinventory as presented in
Table 4 of AGS (2007) (Table 2.4) has been defioedhree separate categories, rock falls,
small landslide on natural slopes and large laddslion natural slopes. However, the
recommended proportions do not change with thecedsd category. The (a) and (b)
elements of the table refer to quantified areas itative proportions of an inventory
respectively, yet only one boundary threshold hesnbmodified. Therefore, a simplified
version is proposed herein as shown in Table 2t& @ategories or distribution of any

inventory reported using this classification need be specified here, but can be project
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specific as required. This proposed simplified sifaation is used throughout this thesis in

place of the AGS (2007) Table 4.

Table 2.5. Modified Table 4 of AGS (2007) for tstsidy

Proportion of the landslide inventory category* or
Susceptibility descriptors proportion of the rock fall trajectories reachitng t
zone
High susceptibility >0.5
Moderate susceptibility 0.1-0.5
Low susceptibility 0.01-0.1
Very low susceptibility 0-0.01

Notes

« * the inventory category can be any landslide categioe user defines, i.e. rock falls,
manmade landslides, large, medium or small flowglate category landslides based on any
project specific volume or inventory classificatiett.

* The number range used in the classification do¢haee to be set in stone, they are just a
guide. This range classification has been foundutigethis study.

2.3 Landslide Inventory

A landslide inventory is one of the major composéntlandslide risk management
as past landslides are the key to assess the futgstbility of landsliding. According to the
guidelines, a landslide inventory should includéade of landslide location, classification,
volume, travel distance, state of activity and d#teccurrence. With the increasing level of
sophistication of the landslide inventory, the dtgs required to prepare them also becomes
complex (Galli et al., 2008; Flentje et al., 20&ijffiths et al., 2015). For example, in the
basic level, the landslides can be identified arapped using historical records aerial
photographs, and satellite imagery. In the inteiatedevel, in addition to the information
collected in the basic level, landslides shouldniepped comprehensively by including
different parts of the landslide and landslide deas. Also, historical information, influence
of the human activities on the landslide inciddridd be investigated and compiled. In the
advanced level, supplementary data on geotechiinastigations, details of periodic

reactivation and triggering factors should alsa@beumented (Fell, et al., 2008a).

Landslide inventories can be categorized into twoupgs as landslide-event

inventories related to slope failures caused bsiggdr and historical (geomorphologiacal)
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landslide inventories associated with details single or many landslide occurrences within
an area over a period (Malamud et al., 2004). Softike triggering factors associated with
landslide-event inventories are earthquakes, thirdad rapid snowmelts. Landslide
inventories can be complied by analysing the sta@uc aerial photographs, interpreting
high resolution digital elevation models (DEM’'s)rided from LIDAR data and field
investigations can be used to compile the inforomatf a landslide soon after it occurred.
This information is vital in obtaining the areaeaffed by landslide events and assessing the
accuracy of landslide susceptibility models (Momdial., 2011).When compiling historical
landslide inventories which consist of landslidemts that occurred over time, confirmation
of landslide occurrences could be difficult duestdbsequent modification of the land over a
period attributed to successive landslides, urlaiois, vegetation and human activities

(Malamud, et al., 2004).

The University of Wollongong GIS-based landslidereintory developed from
1993 and which continues up to the present day,pases digital landslide datasets
(shapefiles in an ESRI ArcGIS Personal Geodatab&ssh which maps are generated of
known landslide sites as required (Flentje andw@hry, 2005). Field mapping and
compilation work has been carried out using baspsnaad on the desktop GIS software at
1:4000 or larger scales with the aid of aerial pgaph interpretation and sub metre
resolution Airborne Laser Scan (ALS) data deriveghtresolution hillshade models. Field
mapping has been an integral part of this landsfidentory development work since 1993.
In recent years, the field mapping has been cordusith the aid of a Trimble GeoExplorer
6000 XT Global Navigation Satellite System (GNS8&yide with a position accuracy of less
than one metre. The identified landslide locatians visited and the landslide boundary is
verified in the field. The prominent landslide fe@#s such as rear main scarp and toe are
mapped in the field as lines and the total affeetexh is mapped as a closed polygon using

the GNSS.

This University of Wollongong GIS-based landsligeantory is currently being
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expanded from its lllawarra centric coverage (6&ddklides) to include the 30,603 km
geological extent of the Sydney Basin and ultinyasdl of New South Wales. In 1998, this
inventory for the Wollongong city council local genament area comprised 323 sites of
instability and in 2010 it had grown to 600 landseB. The alphanumerical landslide data was
stored in a relational database with over 70 fiedfisnformation for each landslide site
(Flentie and Chowdhury, 2005). This landslide alpimerical database has been
substantially redesigned following an internatiofiggrature review summarised in the
remainder of this chapter and the mapped landsldes been re-compiled into an ESRI
ArcGIS v10 Geodatabase polygon shapefile. The owsoof the redesigned work and the
landslide inventory expansion that occurred dutirgglast three years are discussed in detalil
in Chapter 3, and this inventory will continue tgand in its new format over the years to

come.

A national schema for developing a landslide inggntis not available and a
number of landslide inventories have been devel@medss Australia to serve a variety of
purposes (Mazengarb et al., 2010). Also, manyriatéonal organizations who conduct
landslide research activities and or landslide ng&lhagement operations develop landslide
inventories according to their own schemas. It lbesn worthwhile to look at some of the
other inventories available nationally and inteioally when considering the redesign and
upgrade to the existing UOW landslide inventoryhie absence of a universal procedure for

conducting this type of work.

The contacted international and national orgaropatiare listed below with a brief
summary of the status of their landslide data mament. This information was mainly
obtained from the landslide researcher who resmbtaléhe author’s query and the literature
available online. This section was kept brief airggdhe details on individual data fields and

inventory structures. This additional informaticandoe found in Appendix 1.
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Australia

* Mineral Resources Tasmania (MRT)
» University of Ballarat
» Geoscience Australia landslide database (GA)
* SEE GRID landslide database
International
» United States Geological Survey (USGS)
* Oregon Department of Geology and Mineral Industfiz®@ GAMI)
» Utah Geological Survey
» California Geological Survey
* New Jersey Geological Survey
» National Building Research Organization, Sri Lanka
» Geotechnical Engineering Office (GEO), Hong Kong
» ltalian National Institute for Environmental Praiea and Research

» British Geological Survey

2.3.1 Geoscience Australia (GA) landslide database

The Geoscience Australia database includes a tatalber of 561 landslide
locations as a point shape file and the attribaldet contains of the details of the landslide

features, landslide number, location, class andsis.

2.3.2 University of Ballarat and Mineral Resources Tasimdandslide databases

The landslide database of Mineral Resources Tasn{diRT), also known as the
Geo-hazards Module of the corporate informationtesysnamed as TIGER (Tasmanian
Information on Geo-science and Exploration Res@)raeas created in the form of an
Oracle database, updated via a web applicatiostoi@ information on slope instability in
the State. The core data table of this model costidie landslide site information. The other
tables contain data under main categories namedpettion information, monitoring
network, movement, damage and stratigraphy, litnolaand structure. Inspection
information contains the information collected dgrithe site inspections, and several tables

are used to store information on corrective measenés done to mitigate the landslides,
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weak zones, vegetation, land-use, erosion attiibute landsliding, water utilities
corresponding to landslide movement, slope mormghoémd morphometrics. The movement
category has three main tables; event, movemenirgtiation. The event table stores the
information of landslide movements over time. Caedislide event should have at least one
or more landslide movements and should be recardéte movement table. One event can
have more than one movement only if the type of enmant is different (e.g., rockslide to
rockfall) (MRT, 2007). The University of Ballarat south-western Victorian landslide

database model is quite similar to the MRT.

2.3.3 SEE grid landslide inventory

The Landslide Database Interoperability Projecti@Dwvas established in order to
develop an agreed framework (the best practice ustralia) for the landslide database
structure to be adopted by several organizatiorsustralia. Currently, these organizations
manage landslide inventories that are differestincture, scale and information. The main
objective of this project was to incorporate exigti standards and recommended
classification systems to make each of these ds¢abmteroperable. The University of
Wollongong, MRT and Geoscience Australia have hiegolved in this programme as a
pilot collaborative project. The initial databasamplate has been developed to link the
spatial databases of these institutes via the waoitk web, enabling seamless access and
managing landslide information in real time (SeeBR2012). Unfortunately, as of 2015,

this project is no longer operational.

2.3.4 United States

United States Geological Survey (USGS) currentiyduzts a landslide inventory
pilot project to provide a framework to presentdslide related information including
spatial coverage, technical and socioeconomic lmledsformation in state of California,
Kentucky, New Jersey, North Carolina, Oregon, Pgwasia, Utah and Washington.

However, United States has no collective landsiidentory or a universal procedure for
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this purpose and every state uses their own cagsgand landslide parameter measurements
(USGS, 2012). The following section provides a shiwscription of the landslide data
management systems in some of the above mentidagzb svho actively engage in this
work. There is however an informal internationadup currently headed by Lynn Highland

collaborating on these matters (peer’'s commenéstje, 2015)

2.3.4.1 Oregon State landslide inventory

The State-wide Landslide Information Database foregon (SLIDO) was
developed as a cooperative research program betiwe@/SGS and the Oregon Department
of Geology and Mineral Industries (DOGAMI). The ieetandslide inventory is compiled as
an ArcGIS v.10 geo-database. The historic landdbdations are stored as a point feature
class linked to an attribute table with 25 fiel@ihe newly identified landslides are stored as
a polygon feature class and the correspondingoaté&itable contains 30 fields. The GIS
landslide polygons, scarps and flanks are connewitbthe tabulated data via a unique field
ID (Burns et al., 2011). Further, two more polyliieature classes store landslide scarps and
flanks. As of 2011, there were 22,542 landslide odéppolygons and landslide-related
features derived from 313 published and unpublisstedies, 10,636 historical landslide

point locations (dated back to 1849), and 72 detaéstigations (Burns, et al., 2011).

2.3.4.2 Utah State landslide inventory

According to Elliott and Harty (2010), the GIS bddandslide inventory for Utah
was developed based on previously mapped landslices pre-1989 published and
unpublished sources, documented landslides fror® 1®8nid-2007 on geologic maps, and
internal Utah Geological Survey (UGS) landslidedstigations. As per 2010 records, Utah
landslide inventory included more than 22,000 l#idds covering more than 5% of Utah.
An ESRI ArcGIS file geo-database is used to sttie three feature classes of mapped

landslide polygons, landslide scarps, and debosv fpaths. The landslide information
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pertaining to slide planes, movement, history, gggl cause, and source information are

stored in the corresponding attribute tables wilditferent fields in total.

2.3.4.3 California State landslide inventory

As per the email correspondence with a senior Emging Geologist, Tim
McCrink in 2011 (McCrink, 2011), California Geologl Survey (CGS) started their
mapping programs approximately in 2001 to updagdr texisting landslide inventory. For
landslide information handling, MS Access and Qradhtabases are used along with
GeoMedia and ArcGIS applications to manage theiadpdatabase. The present database
structure consists of three main table structusesaty, landslide deposits, landslide source
and the single feature inventory along with ninendm tables to accompany these main
tables. This structure is customized to capturadtiaddl information about the geology and

structure as it is important to the Seismic Ha2deghping Program.

The CGS landslide inventory includes both depaaitd scarps in single feature
polygons as they are more susceptible to earthqumigered slides. However, the
geological mapping group opt to include only thedislide deposits in the geology maps and
the scarps were removed. Because of this reasmst,recent inventories are being prepared
with separate features for deposits and scarpsainget being published. The existing maps
have been prepared episodically since 1960 bydta lor state agencies to serve various
purposes. This landslide inventory map seriesagaspiled at a scale of 1:24,000 using the
U.S. Geological Survey topographic map as the bHsese maps are available to download

through the CGS website

2.3.4.4 State of New Jersey landslide inventory

The landslide locations in New Jersey are compiled GIS point shapefile with
an attribute table of 21 fields. The landslide tamas were mapped by the New Jersey
Geological Survey (NJGS). The landslides that haseurred in the state include slumps,

debris flows, rock falls and rockslides (USGS, 2012
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2.3.5 Sri Lanka

Ms. Kumari Weerasinghe, a Senior Scientist fromNiag¢ional Building Research
organization, Sri Lanka provided the informationtbeir ongoing landslide mapping work.
Sri Lanka is currently in the process of developingational landslide inventory and does

not hold a complete database at the time of writing

2.3.6 Hong Kong

Mr Ken K C Ho, a Geotechnical Engineer from the téebnical Engineering
Office (GEO) Hong Kong provided the details abdtit landslide inventory. The Enhanced
Natural Terrain Landslide Inventory (ENTLI) for thentire Hong Kong Special
Administrative Region (HKSAR) was prepared by thauvisell Geotechnical Services Ltd.
and Fugro (Hong Kong) Ltd. joint venture (MFJV). €lih Natural Terrain Landslide
Inventory (NTLI) was revised and enhanced to predine ENTLI, using aerial photography
interpretations. As a part of this project, preglgudentified natural terrain landslides were
marked on paper at 1:5000 and then digitised iGA8c The newly identified and verified
landslides were compiled in ArcGIS using 1:1000 d.amformation Centre (LIC)
topographic data and rectified orthophotograph20@7, ENTLI included a total number of
105,364 landslide features (15,794 recent and 89iB3toric) (Venture, 2007). The GIS
attribute tables of the digitised historic and rlandslide features collectively include a total
number of 27 fields. The majority of these fielderer designed to store the details of aerial
photo interpretation work and several fields canti@indslide basic information such as

position, elevation and dimensions.

2.3.7 ltaly

Mr. Alessandro Trigila, the Italian landslide PrdjeManager from the Italian
National Institute for Environmental Protection aRdsearch (ISPRA) provided a special
report on their landslide inventory. By the end2007, their inventory included 482,272

surveyed landslides covering nearly 20,500kvhich is equivalent to 6.8% of Italy (Trigila
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and ladanza, 2008). For the mapping of landslidesstly a scale of 1:10,000 was used
whereas in low population areas, a scale of 1:Zby@fs used. The landslide inventory was
compiled in three levels. The first level includedsic data on landslide location, type of
movement and state of activity. The second levdligded data on morphometry, geological
setting, lithology, land-use, causes of activateomd date of activation. The third level

included detailed information on damages, invesitgaprocess and remedial measures for
risk reduction. Landslides have been represented Qgo-referenced point, located at the
highest point of the crown and by a polygon whenlémdslide area is greater than 10,000m

whereas by a line when the width is too narrownardse of debris flows.

The landslide alphanumerical data is stored in erddioft Access database. There
are twelve main tables linked to the general talthefdata input portal, which plays the
central role and acts as the reference for allrstlighe twelve dictionary tables, on the other
hand, link the numerical values corresponding ®dbscription of the fields. The primary
key is the ID-Landslide. The logical structure lnstmodel is directly related to the structure
of their landslide data collection sheet. The Lsidg ID facilitates unique identification of
each landslide and links the alphanumeric attriblitethe MS Access database to the

geographic features in the GIS environment (Trigitad ladanza, 2008).

2.3.8 United Kingdom

Ms. Katy Freeborough form the British Geologicalnfy (BGS) directed the
author to the documentation on their national l&ddsinventory. The BGS national
landslide database was first established in 200@ eurrently contains over 14,000
landslides. An ORACLE database, with 30 fully riglaél tables, is used to store the
alphanumerical data and it can be accessed thraughographical (Microsoft Access) or
geographical (ArcGIS) interface. Each landslideorddacilitates storing over 35 attributes
including location, dimensions, landslide typegder, damage, slope aspect, material,
movement date, vegetation, hydrogeology, age, dpuwsnt and a full bibliographic
references. The National Landslide Database ID murahd the landslide location are used
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to identify each landslide within the National Latide Database. To store several phases of
a movement within or extensions to the same latelsthe subsequent surveys of the same
landslide is recorded in the database with the ddat®nal Landslide Database ID number

but with a new Survey Number (BGS, 2012).

The landslide information is mainly derived fronetNational Digital Geological
Map (DiGMap) at 1:10,000 and 1:50,000 scales (DigpMaand DiGMap50) and some data
Is also collected through media reports, site itigasons, journal articles as well as direct
mapping in the field. The mapping of digital laridsl polygons is carried out mainly using
digital photogrammetry and this work is usually idated by a series of field surveys.

(Foster et al., 2008; Pennington et al., 2009; BZE32).

2.3.9 Summary

Landslide Inventories play a major role in landslidsk management zoning
programmes to aid decision making and should beechiout thoroughly. Due to the
unavailability of national/international standams developing a landslide inventory, it has
been worthwhile to search existing examples worddwand incorporate the findings to
develop a current state of the art schema whidis@ussed in detail in Chapter 3. Currently,
many national/international organizations manageldade inventories. The method used to
map landslides and the structure or schema of thesmtories depends on the specific
business requirements, funds available and thd veechnology being used. Landslide
identification and mapping has been done at differgcales using different methods
including aerial photo interpretations. From thfvimation gathered, it was noted that all of
the landslide inventories are GIS based. Oracldoarids Access database management
systems and relational tables are used by sevegdnizations to handle landslide
alphanumerical data while many others maintaimgpkd database with a number of ArcGIS
attribute tables to serve the same purpose. In masgs, GIS polygon feature classes are
used to demarcate landslide boundaries along with feature classes to store additional
landslide features including scarps and debris fyaths. However, some organizations still
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use only point feature classes to store their lad@lanformation. This seems simply
inadequate with the technology available today.sTidview has allowed an important

redesign of the UOW landslide inventory and thisulined in Chapter 3.

2.4 Landslide susceptibility modelling techniques

As discussed in the previous section, landslideceqitbility mapping is the
quantitative or qualitative assessment of the ifleasgon, volume (or area) and spatial
distribution of landslides, which exist or potefitianay occur in an area. It is the foundation
for conducting landslide hazard and risk assessrerassist local governments and policy
makers in land-use planning. As a basis for lo@legnment planning programmes, the
development of a landslide inventory and suscédijpilzioning may in fact be sufficient steps

to facilitate landslide management.

AGS (2007) outlines or notes various technique$ tlaa be used to model the
landslide susceptibility including heuristic (exp@rdgment), knowledge based, statistical
and deterministic. However, the actual methods asedhot described in any detail. In the
literature, numerous studies have been publishedandslide susceptibility modelling

conducted using various techniques.

According to the literature reviewed by Yilmaz (2)1the non-deterministic
(probabilistic) methods are often used in develgpimethodologies for landslide
susceptibility modelling based on landslide inveie® geomorphologic analysis, qualitative
analysis, statistical bivariate and multivariatealggis. However, the development of
deterministic models based on stability models saglletailed geo-technical models have
become limited to smaller areas because of thesskee cost and lack of data at a suitable

resolution over a wider area (Barredo et al., 20@&ilnacar and Topal, 2005).

Oh et al. (2011) has presented available literatome various data mining
techniques that have been employed in the recesitfpalandslide susceptibility mapping

such as fuzzy logic, artificial neural networks (NN combined neural and fuzzy weighting
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procedure. Furthermore, neuro-fuzzy model, suppector machines (SVM) and decision
tree methods are quite novel approaches (Oh aadhBn, 2011) and little literature is

available on these topics, especially on the datigees.

When modelling the landslide susceptibility, idgnitig the relationship between
the past landslides and landslide causative facdarensidered vital and different modelling
approaches have their own distinctive methods afyaing this relationship. Having said
that, the accuracy of modelling this relationshgpeinds on how well the models can deal
with the complexity of this relationship and theaddcteristics of the input data and how well
this data models the actual landslide causativifsc In the literature, landslide causative
factors which were deemed important in modellingehaaried based on what data was
available and clearly not all the authors have ubedame set of parameters in their models.
Further, the model input data does not follow amadrdistribution as expected by many
statistical methods to apply related theories dredrelationship between this data and the
landslide occurrence is non-linear. Also, modeluingatasets often have missing values.
Therefore, these factors should be considered wdsdecting an appropriate landslide

susceptibility modelling technique.

Several studies have been conducted on comparmdatidslide susceptibility
models that have been developed using statistibadrfate and multivariate) analysis, data
mining and GIS based Analytical Hierarchy ProceSdR) analysis (Ayalew et al., 2005;
Kanungo et al., 2006; Den Eeckhaut et al., 201GeMiet al., 2010; Nandi and Shakoor,
2010; Pradhan and Lee, 2010; Rossi et al., 20ifha¥, 2010; Marjanovi et al., 2011).

The following sections provide a brief overviewthik literature.

2.4.1 Heuristic methods

The heuristic landslide susceptibility modellingpdads on the judgements of the
experts. Thus, the results produced are highlyestibg due to the varying nature of the

knowledge and experiences of the experts relateédetsubject. Comparative studies show
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that quantitative assessments such as statistietioals (logistic regression) are better
performing (Den Eeckhaut, et al., 2010) than therisc methods. One example is the
(AHP), a heuristic semi-qualitative method. Thistineel has disadvantages due to the
subjective nature of the pair-wise comparison mattisabling it to distribute the pixels
accurately among different classes according to I¢hvel of susceptibility whereas the
logistic regression method has shown more improkesllts (Ayalew, et al., 2005).
Therefore, quantitative methods are preferrednddiide susceptibility assessments over the
qualitative methods in order to avoid the subjecfiwdgements made by humans. Both of
these methods, however, have failed in constraimogt of the known landslides within the

highest susceptibility zone (Ayalew and YamagighiD5; Den Eeckhaut, et al., 2010).

2.4.2 Statistical methods

Of the statistical methods available, comparasiteelies indicate that the logistic
regression method is more effective in producingceptibility maps than the bivariate
statistical techniques. Results show that logigagression techniques are more reliable as it
considers the relative importance of the landstigesative factors and weights are assigned
accordingly whereas bivariate analysis includeshalparameters without considering their
relevance towards causing landslides and the laledsusceptibility is calculated based on
numerically ranked factor grids (Nandi and Shak@&@10). A detail description of the
logistic regression method is included in the rmeedtion as it is by far the most popular

statistical method used in landslide susceptibitigdelling

2.4.2.1 Logistic regression

Logistic regression is the most frequently usedissteal technique in landslide
susceptibility mapping (Yesilnacar and Topal, 2008maz, 2010; Oh and Pradhan, 2011;
Schicker and Moon, 2012; Althuwaynee et al., 20T#)s method is analogous to the linear
regression but the difference is that it predictschotomous dependent variable based on a

set of independent variables. Also, these independariables could be measured on a
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nominal, ordinal, interval or ratio scale and tlationship between the dependent and
independent variables should be non-linear. Thastiogtransformation 10git) of the
probability () of a dichotomous event occurring can be linkedatmormal regression

equation (Equation (1)) composed of a set of inddpat variabled.ogit(p) is the log of the
odds/likelihood ratic(ln(l%p)). Y is a linear combination of independent paramsete

(x1,x,..,x,) and the respective partial regression coeffisigbi, b,..b,,) whereb, is a

constant.

logit(p) = 1n(1f;p) = b, + byx, + byxy+...+bpx, =Y (1)
Rearranging equation 1, the probability €an be computed using Equation (2).

1
p= 1+e™Y (2)

When modelling the landslide susceptibility usiddstmethod, the dependent
variable is a binary variable representing thegies or absence of a landslide gndan be

used to measure the probability of a landslide evecurring.

Before the model development, the relationship betwlandslide occurrence and
the landslide causative factors is determined blgutating the constant and partial
regression coefficients as indicated in Equatign The forward stepwise logistic regression
(Yesilnacar and Topal, 2005; Schicker and Mod,22 Althuwaynee, et al., 2014) is the
widely used method for this. Stepwise forward esgion involves developing a model
starting with a constant and then, step by stepabi@s are added one at a time as in a
multiple logistic regression equation. In betwedeps, the difference between log-
likelihoods of two models with different paramebembinations is assessed in order to pick
the most appropriate variables to develop the mdgtalsquared and F-test are two methods
that could be used to measure the difference betwee log-likelihoods. However, in

geomorphological studies determining true ‘indemsrog’ of the independent variables
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using the parametric multiple regression technicues been an issue due to the ‘inter-

correlation’ of the independent variables.

2.4.2.2 Weight of Evidence

The Weight of Evidence method (WOE) is another tiata statistical approach
which assumes that the input data is fully categdrit is a log-linear Bayesian model based
on prior and posterior probabilities. The positare negative weights for each variable are
calculated considering the conditional probabditi¢ existence or nonexistence of the factor
(variable) with the existence or nonexistence lafraslide within a unit map area (Fan et al.,
2011; Schicker and Moon, 2012). In the study catetliby Schicker and Moon (2012) the
logistic regression model had a higher predictiggfgpmance and produced a less complex

map when compared with the WoE.

2.4.3 Data Mining techniques

Investigations have been conducted on the vetgatfi using machine learning
techniques or “Data Mining” to model landslide setibility. Heuristic data mining is a
learning process capable of predicting outcomeatael to organizational processes or
natural phenomenon by identifying potentially usefiod ultimately understandable patterns
in available data. This method does not require statistical assumptions (Fayyad et al.,

1996).

2.4.3.1 Support Vector Machines and Artificial Neural Netk®

Among the data mining methods employed in landdiggceptibility assessments;
Support Vector Machines (SVM) and Artificial Neunsdktwork (ANN) are proven to be
more effective than the logistic regression andddamal probability methods (Yesilnacar
and Topal, 2005; Yilmaz, 2010; Marjanéyiet al., 2011). However, the ANN method is
known as a black box method since the weight asdign each layer is hidden and the

process therefore is very difficult to interpret.
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Furthermore, Adaptive Neuro-Fuzzy Interface (ANIESktem has been used to
develop a set of fuzzy if-then rules based mentygfsinctions for input output variables
(Kanungo, et al., 2006). Matrix multiplication cesponding to the connection weight matrix
of the input, hidden and output layers, determities final weight matrix related to the
landslide causative factors and thereby ranks thribution of these factors towards
landsliding, according to the absolute value ofhe&ombined neural and fuzzy weighting
procedure has produced more accurate results tigafuzzy and ANN methods alone as it
has the advantage of being a hybrid model withd#eabilities of both fuzzy and ANN
techniques to determine the weights. This methodieler, is computationally expensive

(Kanungo, et al., 2006).

Yilmaz (2010) reveals that the ANN method is ebetter than the SVM method
in landslide susceptibility modelling whereas Pradlet al. (2010) argue that the ANN
model has the lowest performance compared to gguéncy ratio and logistic regression
methods. Having said that, Yilmaz (2010) and Paadft al. (2010) have used a different set
of nodes as input data (landslide causative pams)etind a different number of pixels for
training the model. Yilmaz (2010) has decided nbenber of training pixels based on the
number of input nodes but Pradhan et al. (2010)nisadollowed any logical approach for

making this selection.

Apart from obtaining the model with the highestwecy, Yilmaz (2010) has
emphasized the importance of developing a less etsome model for susceptibility
predictions. Furthermore, it is mentioned thatdbeuracy of the compared model are almost
similar with minor changes. In addition, ANN (Phash and Lee, 2010), logistic regression
and SVM are time consuming processes with heavypating load compared to conditional
probability which is a simple, easy to use andss léme consuming method. However,
none of these methods have addressed the issuandfifg missing values which are

inevitable in geomorphologic data
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Schumacher et al. (2010) have compared the eféeedss of logistic regression,
neural networks and classification trees on pradjctuccess of actuarial students and have
emphasized the ability of the decision tree in HKiagdmissing values. Furthermore,
Schumacher et al. (2010) have concluded that rilneep decision tree is more effective in
avoiding over fitting and working with limited datiespite ANN having a lower training
error which has resulted from the model over fitid similar conclusion is derived by
Pradhan (2013) by comparing three landslide stifilty models developed using a
decision tree, SVM and ANIFS techniques. The ressiiow that the prediction accuracy of

the Decision Tree model is the highest even thatglraining accuracy is slightly lower.

In addition, when selecting a modelling method, Beacher et al. (2010) have
focused more on the interpretability of the modeitcome to identify the relative
significances of the input factors and the useenfilliness. In these aspects, a pruned

decision tree was selected as the best optionefeeldping their model.

Furthermore, Miner et al. (2010) have comparectisdvdata mining techniques
such as the J48 algorithm, K-Nearest neighbourletessification system, Neural Network-
based classifier, Naive bayes classifier, Randomedts, Radial basis function classifier
(which is a neural network classification systeBYM and the See5 decision tree algorithm
in landslide susceptibility mapping and found ttiet Random Forest and the See5 decision
tree applications produced the best results. Tleeae targued that almost all the methods
including the statistical methods could obtain halgissification accuracies but in terms of
producing suitable maps to facilitate local goveentrdecision making processes, only Seeb
and Random Forest methods were able to produce mdpsa well distributed high
susceptibility class while restraining its spatial extent to a imum. Also, these two
methods were able to maintain the exponential idigion of probability of confidence
versus landslide distribution so that the proportad landslide population included in the
low susceptibility classes is small whereas theh higisceptibility class has a higher

proportion of the total landslide population, ascdissed in Section 2.2.3 .
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2.4.3.2 Decision Trees

Among the literature available on application afcdion tree classifiers in
landslide susceptibility modelling, Flentje et @007a), Flentje et al. (2007b), Granger et al.
(2000) and Miner et al. (2010) have used a detitiee classifier for mapping landslide
susceptibility in Australia. Furthermore, Saito &t (2009) and Yeon et al. (2010) have
presented their findings on landslide susceptjbititbdelling using a decision tree in Japan
and in Korea respectively. Flentje et al. (2007&] Miner et al. (2010) have derived rules
based on a decision tree approach using See 5l&Qui2013), a C4.5 learning algorithm
based software (Quinlan, 1993). Further, largeesGdf based datasets including 10m pixel
resolution digital elevation model derived datase¢se used as the input data. Similarly,
Yeon et al. (2010) have constructed the decisiem ising C4.5 plus a Java programme and
GIS thematic layers at 5m resolution were usedioSat al. (2009) have also used C4.5
learning algorithm based software (Weka) in dataimg and all the input data were in
catchment scale instead of raster or grid scaladtition, Gokceoglu et al. (2010) have used
a regression tree technique which is slightly défe from the C4.5, to determine the

landslide susceptibility using GIS datasets at 2&solution.

Various methods have been employed to convert désalts obtained from the
classification tree to represent the landslide epidoility value, since the decision trees
outcome is always categorical. Saito et al. (200&e obtained landslide susceptibility
using an ensemble learning method by constructimg aecision trees corresponding to nine
different training sets. Then the final susceptypilalue for each catchment was derived
from the decision trees that classified it as al$tide. Flentje, et al. (2007a), Flentje et al.
(2007b) and Miner et al. (2010) have converted thessification tree outcome to a
continuous number based on the confidence of timsification derived from Laplace Ratio
which is one of the outputs produced parallel ®dlassification. In this method, each pixel
can be classified as a landslide and/or as a matsligle by one or more rules. When a pixel

is classified as a landslide as well as a non-ladejsaverage confidence factor of the
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landslide and non-landslide class predictions ampared. Then, the class with the highest
averaged confidence value is chosen to represenpittel. In the above mentioned two
studies, cross validation method and tree optingranethods (pruning) have been followed
in order to obtain accurate results and to avoidlehover fitting. Gokceoglu et al. (2010)
and Pradhan (2013) employed MS SQL server anageigices to model the landslide
susceptibility using model trees. The differencaween this method and previously
discussed methods is that Microsoft decision terescapable of predicting a continuous

value instead of a categorical value by developitigear regression formula at each leaf.

When considering the characteristics of input dated to train the models (to
calibrate the model), Flentje et al. (2007b) haseduan equal number of landslide and non-
landslide pixels to balance the numerical outputhef model. Saito et al. (2009) have used
an equal number of landslide and non-landslidehoa¢nits whereas Yeon et al. (2010),
Miner et al. (2010) and Gokceoglu et al. (2010)éhaged an unequal number of landslide
and non-landslide training pixels. Yeon et al. (@0thave not selected a specific number of
landslide and non-landslide pixels, but rather hased the training sample in its original
form. Also, Yeon et al. (2010) have not pruned tiexision tree to avoid treating the
minority class, obviously the landslide class, as@ in the absence of a fully grown tree.
Further, Yeon et al. (2010) have employed a leaflenmanking method (m-branch
smoothing) to calculate the estimated probabilitythee class imbalanced data set as the
probability of an event cannot be accurately edihavhen the tree nodes are split based on
impurity measurements. In addition, Miner et aD1@) have used the entire dataset to train
the model and as a result, majority of the pixelsre assigned with low confidence values.
As a solution, the tree was pruned and a cost peeanfior false negative outcomes was
assigned. The cost parameter introduces a penaléy anst for classifying non-landslide
pixels incorrectly. Thus, landslide class predisti@re encouraged from a class imbalanced

training dataset.
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One of the other main issues related to the egipdn of decision trees in
landslide susceptibility modelling was tree pruniBgen though Yeon et al. (2010) have not
included the tree pruning step in their study, tpeegning is considered as a crucial step
towards avoiding model over fitting and enhancingded predictive capabilities as an over
grown tree may become successful in classifyinigitrg data but not in making predictions
on the unseen data. None of the authors have ptheedkcision tree or limited the number
of rules that have been derived to enhance thegpina capabilities of the model, except
Flentje et al. (2007b). Much attention should beegito the selection of an appropriate
pruning confidence with a minimum number of cage/@ maximum number of rules with
the percentage of extrapolation allowed. Howewveis tree optimization can reduce the
overall accuracy of the model but would result iless complicated, easy to understand
treelrule structure with enhanced predictive cdjtiesi i.e. the ability of the model to
identify the area susceptible to landsliding beydhd given training areas. Therefore,
determining a threshold to cut down the fully-grotvee with an acceptable accuracy is

important.

2.4.4 Summary

Selection of the most appropriate method to maaledslide susceptibility is still a
subject of debate and the success is subjective sirere is no exact or ‘one size fits all’
solution for this. However, a considerable effdrbsld be made to obtain the best possible
outcome since the results produced may in the dutovolve landslide risk management
decision making processes. The subjectivity ofrdsult is mainly due to the absence of a
universal procedure for preparing and selectingitirgata from potentially available data,
enhancing model predictive capabilities and tramsifiog data mining output to represent
landslide susceptibility. Various researchers Havil models to achieve their specific aims,
according to their own schemes and have obtaingsdtse The differences in predictive
power, accuracy and the final output of these n®det mainly due to the nature of input

data used and the modelling method and optionsteélavithin the method.
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To achieve our research goal of assessing the sty of landslides by
addressing issues related to real world unceréairsts much as possible, the pruned decision
tree is identified as the best method. It is a aataipnally fast and a less cumbersome
method compared to the other methods that arewedieso far. Most importantly, See5
decision trees have performed exceptionally welldistributing the landslide inventory
among different susceptibility classes accordinght® recommendations of AGS (2007).
Further, this method is capable of handling inmtadrom different scales without assuming
its frequency distribution based on the non-lingagPal and Mather, 2003; Saito, et al.,
2009). Another advantage of using decision tredhas the relationship between landslide
occurrence and the causative factors is not redjuioe be known prior to the model
development as it is depicted by the tree struagtsedf (Saito, et al., 2009). The relevance of
a feature to landslide occurrence can be determasmgssing its contribution towards
identifying potentially useful patterns to make giotions or in other words, the percentage
of training data classified using the feature. Beci trees have become a preferable
modelling method as its qualities mentioned soddow a better compromise between
clarity, accuracy and efficiency (Ferri et al., 20§ eon, et al., 2010). This technique is also

fully transparent and it is not object to subjeetdecisions.

In the landslide research field, studies conduatedemploying tree pruning
capabilities available with the See5 software (@uin 2013) to enhance the predictive
capabilities of a model, are not available. Thisotietical aspect of a decision tree is most
important to the context of landslide susceptipititodelling. In addition, an unpruned tree
would produce a large number of complicated rulesstouctured patterns. This would
potentially make the process of making predictibased on the rule-set logic over a vast
study area, quite difficult. Therefore, a methodhigestigated in this research to control the
decision tree size using tree pruning parametd¢hnershan using the default tree structure, in
order to minimise model over fitting the existingt{erns of the training data and increase

the capability to predict unseen test cases. Téweife combination depicted by the optimum
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tree structure can be used to interpret the relishiip between the landslide causative factors
and landslide occurrence. Data mining techniqueslabe with See5 software have been
applied to map the landslide susceptibility acresgeral regions as a part of this doctoral
research. This work is discussed in Chapters 5 tf fhis thesis. The basic principles

associated with data mining and decision treesligoeissed in the next section.

2.5 Data Mining with decision trees
2.5.1 Introducing Data Mining concepts

With the increasing availability of data, there lesen a growing need/desire to
generate intelligent and automated processes tierpiretations and analysis (Fayyad, et al.,
1996; Maimon and Rokach, 2005). For example, tb& in GIS based datasets including
remote sensing data and digital maps require nelg @nd methodologies to enable new

developments especially in the areas of geosciepoggonment and climate studies.

The tools and techniques available with the fastwgrg field known as the
knowledge discovery in databases (KDD) can be usddterpret and analyse large data
repositories. This concept has its roots in Machie&ning theories which enable computers
to educate themselves and make their own decisitthseut being exclusively programmed
when exposed to new data. Some of the industryicgioins of this novel technique are

discussed in Coyte et al. (2014) and Asheibi g28i09).

The KDD process involves several intermediate stepsrds identifying valid,
novel, potentially useful and ultimately understaioleé patterns in data. Furthermore, it
cannot be considered as a single procedure towalntisining the output but several
iterations and human interaction is required inMeein steps. Some of the basic steps

included in this process are (Fayyad, et al., 1:996)

(a) Identify the goals of the end user; applicadomain and data availability
(b) Creating the target dataset

(c) Data cleansing and pre-processing
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(d) Data reduction and projection

(e) Choosing the Data Mining task

(f) Choosing the go through algorithm/algorithms

(g) Data Mining

(h) Analysis of the mined patterns and to reptgiss(a — h) to iterate

() Combine discovered knowledge.

Among the steps mentioned above, the data minemlsas drawn much attention
in the recent past. The main foci of data mining aerification and discovery. The
verification methods such as goodness of fit, hiyesis testing, analysis of variance are
much more related to testing an existing modelerathan identifying a new model. The
discovery however, involves prediction and desimiptClustering, linguistic summarising
and visualising are data description methods wiserefassification and regression
techniques are considered as data prediction methGtassification again can be sub
divided into supervised and unsupervised classifioaIn an unsupervised classification
process the instances are classified without pireetfdependent attribute, but supervised
classification methods  fabricate models to represeelationships between input
(independent variables) and output (dependentblajiaata (Maimon and Rokach, 2005).
Different classification methods such as decisime tclassifiers, rule based classifiers,
neural networks, support vector machines, memorsedbareasoning, and naive bayes
classifiers are developed based on different lagraigorithms. They perform differently in
discovering patterns between attribute values efitiput data and their respective class
value and predicting the class of unseen test dsdoased on their attribute values (Tan et

al., 2006).

In recent years, use of decision trees derived fmauhine learning algorithms for
classification purposes has become popular in maudies such as estimating land use, land
cover etc. as the tree structure itself depictuarpathways of deriving the final solution in
an easy to understand manner unlike a number ofraosparent approaches or black box

methods such as Artificial Neural Networks (ANN)owkver, few have done detailed
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studies on employing decision tress for producargltlide susceptibility maps (Saito, et al.,

2009).

2.5.2 Decision tree development

A decision tree is comprised of a hierarchical&tice of nodes that correspond to
attribute test conditions and are of three typa®oh node (has no incoming edges and one
or more outgoing edges), an internal node (hasrauening edge and two or more outgoing
edges) and a leaf or terminal node which represealass label with one incoming edge and
no outgoing edges (Maimon and Rokach, 2005; Taal,,e2006). Each node splits instance
space in to one or more sub-spaces according ¢stacondition formulated based on the
attribute values. This classification process stémwm the tree root and propagates to the
branches until it reaches a leaf terminal node,ss&huajority membership defines the class
value for each test record being considered (Mainamd Rokach, 2005). When learning
from training data, the growing and pruning of demi trees plays a major role in obtaining
an optimum classification model. Both top down daitom up are the two fundamental
methods in growing decision trees. Few publicatibosever, on the latter appear to be

available (Maimon and Rokach, 2005).

The decision tree is constructed based on an &laiteaining set and its attribute
values. The data attributes are mainly of two typasegorical (qualitative) and numerical
(quantitative). Categorical attributes can furthersubdivided in to two, nhominal (unordered
set of values) and ordinal (ordered set of valuSshilarly, numerical data also has two

types namely, interval and ratio (Maimon and Rok&©05).

The training set plays a major role in the proagfsdeveloping a model. A set of
fixed attributes are used to describe a trainingRekach and Maimon, 2008). Rokach et
al.(2008) has described a training set as a bagstdnces (a collection of m records) of a

certain schema and denotedSéB).

S(B) = (< x1,Y1 >, 0 < Xy Yim. >)
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Wherex, € Xandy, € dom(y)

The X (instance space) has been defined as aiearf@®duct of all input attribute

domains.

X =dom(a,) X dom(a,) X ....Xx dom(a,,)
Where dom(a,) = {Vi,1'17i,2' ,vi‘dom(ai)}
A ={ay,a,, .. ,a;a,};asetof n number of input attributes

dom(y) = {c1,¢3, - ,C1a0m(y)} » @ domain of class variable y

Furthermore, they have assumed that training serde are generated randomly
and independently in relation to a probability disition function D over U (the cartesian
product of all input attribute domains and the ¢argttribute domains) given by = X X

dom(y).

Among several attributes, the learning algorithrtoiselect the best attribute upon
which the decision tree should construct and sgitting. From many attributes of test data,
the learning algorithm identifies the most appratariattribute test condition to start splitting
to achieve an accurately classified outcome. Ndgmdata splitting is done according to a
single variable employing univariate splitting erin (Maimon and Rokach, 2005). There
are various methods that can be used to seledigsteattribute to start with. A variety of
univariate criteria defined according to the originthe measurement (information theory,
dependence and distance) and according to the me@asot structure (impurity based
criteria, normalized impurity based criteria anddoy criteria) can be used in this process
(Quinlan, 1993; Rokach and Maimon, 2008). Theelidused impurity measurements
assess the skewness of the test data based ofa#isedestribution at a node (t) such as
Entrophy, Gini, and classification error (definedldw, Equation (3), Equation (4) and

Equation (5)),

Entropy(t) = — 553 p (;) log2p (3) (3)

i

Gini(t) =1 - Y5 [P (;)]2 (4)
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Classification error (t) = 1 — max; [p (%)] (5)

Wherep(i/t) is the fraction of records belonging to a particutlass (where c is
the total number of classes) at a given node (f)th& impurity measurements reach the
maximum value when the class distribution is equdiereas the minimum impurity is
obtained when the records belong to the same ¢@smlan, 1993; Tan, et al., 2006;

Rokach and Maimon, 2008).

In order to determine the goodness of the spii,dass distribution of test records
before and after splitting should be compared. pbhdormance of the test condition is
acceptable when the gain (difference of degreanpiurity of parent and child nodes) is
high. When entropy is used as the impurity meagai is defined as the information gain
(Quinlan, 1993; Tan, et al., 2006) (Equation (6)).

N(vj)
T

Information gain, Ay r,= Entropy(parent) — Z;-‘zl Entropy(vj) (6)

Where K is the number of attribute$,is the total number of records aNgvj) is

the number of records after splitting at the chibdle

The impurity based criterion tends to favour thtitaites with larger domain
values. A test condition which produces a large Imemof divisions leads to purer partitions
but it would result in a low predictive accuracy the number of records associated with
each partition is not sufficient.  Gain ratio, Hme measurement of goodness of fit,
normalises the information gain and penalises ttrdate test conditions for producing
many outcomes (Quinlan, 1993; Kohavi and Quinl899; Tan, et al., 2006; Blackard et

al., 2008; Rokach and Maimon, 2008).

Evaluation of the predictive performance of a dfasgtion tree model and the
induction tree algorithm can be achieved by comidegeneralisation (test) error and

training error. The training error is defined as tlumber of incorrectly classified records in
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training set whereas the generalisation error éspgfobability of misclassifying unknown
records. There are several methods in use to dstithis generalisation error during the

model training phase as given below (Tan, et D62,

e The resubstitution estimate — by incorporatingrtireel complexity. Two principles of
which are in use; namely Occam’s razor and theipéstc error estimate
e The Minimum Description Length principle (MDL)

» Estimating statistical bounds and using a valicasiet

In order to obtain a better performing classifidroth training error and
generalisation error should be within reasonableesm The ability of classifying unseen
data accurately can be achieved by avoiding modsi-fitting. For decision tree models, as
the size and complexity of the tree increases, pih&sibility of model over-fitting also
increases. To describe model over-fitting furtreamsider a decision tree with a complex
structure of many nodes can classify training getdiectly but may not classify unseen test
data accurately. To avoid this, pruning shouldrigisthe growth of a decision tree so that
with less nodes the classification of unseen datg pe performed. The expected behaviour
of the training and generalisation errors with deeision tree size and locating the optimum
decision tree size is illustrated in Figure 2.249@nce of noise and the lack of representative
data samples could lead to model over-fitting big ts still a subject of debate (Tan, et al.,
2006). There is no straight forward method avadahlthe literature to select the optimum
decision tree size thus, this aspect of decisiea ttevelopment with respect to landslide

susceptibility modelling has been investigated disdussed in detail in Chapter 5.

During the automatic construction (Induction) o tthecision tree, pruning can be
used to control the growth of the decision treee Tdrmination of the tree growing process
before the tree is fully grown (pre-running) andtiog down the branches after the tree
growing phase is over (post-pruning) are the twahos of tree pruning (Quinlan, 1993;

Kohavi and Quinlan, 1999).
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Figure 2.2. Variation of training and generalisateror with the model complexity

A stopping criterion can be used to stop the tremving process before it is
completed and there are several common stoppieg.riiccording to Rokach et al. (2008)

the tree growing process can be continued untifdbh@wing conditions are met

« All instance in training set belong to a singleuey,

¢ The maximum tree depth.

*« The number of cases in the terminal node is lems the minimum number of cases

for parent node.

* The number of cases in one or more child nodesssthan the minimum number of

cases for child nodes, if the node is split

* The best splitting criteria is not greater tharegan threshold.

However, if the tree is grown to its full sizecdn be trimmed back in a bottom-up
fashion by replacing a sub-tree with a new leafictvis the majority class of the sub-tree or

with the most frequently used branch of the sub-tre
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When the tree induction phase is over, performasfcthe decision tree model
should be evaluated in order to estimate its acguraclassifying unseen test data. For this,
there are several methods in use. The first bdiagretical estimations including Probably
Approximately Correct learning (PAC), Vapnik—Chemeakis theory (VC), Bayesian and
statistical physics, and these methods integradrtining error and a penalty function on
the ability of the induction algorithm. The secamdthod being empirical estimations such
as holdout method, random sub sampling, crossaiédiadl and Bootstrap, which provide a
reliable estimation based on the class distribytimwst of misclassification and size of
training and test sets. Furthermore, to evaludte speed of the classification process and
scalability, the confusion matrixes and cost masixan be used (Quinlan, 1993; Rokach

and Maimon, 2008).

In addition, methods available for comparing thefggenance of several models
are of great importance in deciding on the mostr@mate method(s) to conduct the
classification. The Receiver Operating Characieri@®OC) curves have been used for
model comparison. This method was first develog@dsignal detection theory to analyse
noisy signals and can be used here to assess fdwiveness of both deterministic and
probabilistic forecasting systems as it measuresatturacy of predicting the possibility of
future occurrences of given events. The ROC cumsaduhere plots False Positive Rate
(FPR, the proportion of incorrectly classified lahde pixels) on the X axis and the True
Positive Rate (TPR, the portion of correctly clfiedi landslide pixels) on the Y axis and
reveals the trade-off between these two ratebselfrea Under this ROC Curve (AUC) is 1,
it is an ideal model and if it is less than, Olte model is no better than random guessing
(Swets, 1988) and higher the area under the RO chigher the performance of the model

(Yesilnacar and Topal, 2005).

Other than these accuracy measurements, the adilitiye learning algorithm to
tolerate poor quality input data is also cruciacsi it is unrealistic to expect perfect input

data as there could be limitations in measuringagsy errors in the data collection process
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etc. When recognizing the patterns in data, theingsvalues and outliers are inevitable and
could affect the final outcome significantly. Foaenple, spatial datasets have mismatching
edges and different null values (0, -9999, 1.37%&f) to represent missing data. Therefore,
identifying an algorithm which can handle data guadroblems by detecting and correcting

the data (data cleaning) is important. The outlieas be defined as an object which has
unusual attribute values than rest of the datasikgsvalues are inevitable in almost every
data set, especially in geomorphologic data. Ong afdhandling missing values is to omit

them if the number is small but this should be daite care since the removed attributes
could be crucial to the analysis. Alternativelye tnissing values can be estimated by taking
the average of the nearest neighbours if the at&ibype is continuous or taking the most

frequently occurring value if the attribute is gaagcal (Quinlan, 1993; Tan, et al., 2006).

2.5.2.1 Seeb Decision tree induction

Several algorithms are available to develop degisiees efficiently, all of which
employ greedy search strategies. Hunt's Conceatriieg Algorithm (CLA) is the base for
many decision tree induction algorithms such as ID85 and CART (Breiman et al., 1984;
Quinlan, 1986; Quinlan, 1993). The C5 algorithm é@sdoredecessor C4.5 are open-source
tools available for Data Mining with the Linux opéing system. Based on the same learning
algorithm, Quinlan has developed a commercial vergor Windows known as the Seeb

(Quinlan, 2013).

In the Seeb5 learning algorithm, the divide and cemagnethod is employed to build
a decision tree from a training set in a recurgirgcedure. At each node, training cases are
tested to see whether they belong to the same. ¢fass the node will become a terminal
leaf-node, and will embrace the name of that clddswever, if the cases involve a
significant mixture of class labels the splittinglwontinue based on selecting an optimal
attribute test condition to create child nodessTpriocess employs the information gain and

the gain ratios as the splitting criteria.

49



Literature Review Chapter 2

The See5 algorithm controls the decision tree bizeemploying post and pre-
pruning methods. The parametdr defines the threshold number of minimum cases at a
terminal node to terminate the splitting of theetteefore it is fully grown. The splitting of
the tree stops when the number of cases at a hatéotlow at least two of the branches is

less than the defindd value.

The pruning confidenceCF should be defined to prune the tree after it iy fu
grown. Following the tree growing phase, an errasebpruning method is employed in a
single bottom—up pass, using estimated error ratesse error rates are calculated based on
the defined pruning confidenc&€k). The classifier's re-substitution error rate thre
training setS can be defined ag/|s| wherem s the number of misclassified classes by the
classifier. However, the true error rate is norgndligher than this value. Therefore, it is
defined by taking the upper bounl(m,n) of the confidence limit op (Equation (7)).
This is the estimated probability of the error givey m/n; wherem is the number of times
an event occurred (the number of cases classiigatiiectly by the classifier) iN trials (the

number of training cases).

U(eg|s)(1-U(e,
Ucr(es |s]) = U(es, |S|)+29\/ (ew,|s))(1=U(ey|s)) @)

Is|

e; — Misclassification rate of the tree z — inverse of the standard normal cumulative

distribution,® — desired significant level (Rokach and MaimadQ®)

Three error rates estimated based on the equdimreare defined as follows,

I. Ucr(er, |s]); Wherees is the number of cases misclassified by the nahédecision
tree(T)
Il.  Ucr(ey, |s]); Wherel is the leaf labelled with most frequent clasSin

. Ucr(erz Is]); WhereTy is a pruned sub-tree dfwhich is related to the most frequent

outcome ofT’s root test condition
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Based on the lowest value of the above three estdnarror rates, one of the

following steps can be followed accordingly.

I.  LeaveT unchanged
II.  Replaced by the leaf
Il ReplaceT by its sub-tre@z

(Quinlan, 1993; Kohavi and Quinlan, 1999)

The missing values in data effect the decision treestruction as well as
classifying test cases. Seeb reduces the dedyatilthe test conditions involving missing
values by amending split information equations nolide them (information gain and
entropy). When some training cases have an atgritmith missing values, which the test
condition is basically formulated on, they are owodlly split and added to the subsets
corresponding to unknown outcomes. Furthermore, nwblassifying a test case with
unknown attribute values, instead of a single classclass probability distribution is
determined. At a leaf node, the result of the teste with unknown attribute value(s) is
equal to the relative frequency of the cases tath that node. Otherwise, at a sub-tree, if
the outcome of its root test condition correspogdimthat test case is known, it is taken as
the result. Alternatively, all the possible outcen@# that root test condition related to that
test case are combined probabilistically to form timal outcome. Finally, after the class
probability distribution of that test case is detared, the predicted class is taken as the class

with the highest probability value (Quinlan, 198&havi and Quinlan, 1999).

The decision tree model outcome can also be exquess a set of unordered ‘If-
Then’ rules which facilitates human comprehendipgiuch that it is easy to interpret and or
critigue the outcome (Table 2.6). The nested girecof the rules given in Table 2.6 is
equivalent to performing “AND” logical operationtiagen the test conditions stated per line
starting with an “If” and ends with a “Then”. Thigesents a path from one tree node to

another and the predicted class represents thaenedrmode. This structure depicts the
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relationship between the landslide causative factord the landslide occurrence. Further,

the cascading style of a rule illustrates the omferelevance of the landslide causative

factors.
Table 2.6. Two example rules with test conditions
Rul e 9:(n=3135/me245, lift 1.8) Rul e 32: (n=8680/n¥560, lift 1.9)
If Profile Curvature <= -0.12272 Then I'f Flow Accunul ation > 6 Then
If Plan Curvature <= 0.1130784 Then If Plan Curvature > -0.009005427 Then
I f Slope <= 18.03015 Then If Geology = 1 Then
If Wetness Index > 0.004636406 Then If Slope > 13.24464 Then
I f Wetness I ndex <= 0.006872263 Then If Sl ope <= 16.39345 Then
Class 0 (not |andslide)[0.922] (confidence) If Wetness Index <= 0.005659157 Then
Class 1 (landslide)[0.935](confidence)

The generated rules can be evaluated using thet¢aphtio as follows,

Laplace=(n —m + 1) /(n + 2); wheren is the number of training cases covered by

the rule andnis the wrongly classified cases

The Laplace ratio is used to make the probabiktyneates smooth by substituting
1 and 0 with less extreme values (Provost and bBgod, 2003). The lift values derived by
dividing estimated accuracy of the rule by relatfkequency of the predicted class in the
training set, also summarize the performance afl@ (Quinlan, 1993; Quinlan, 2013). The

confidence value shown in Table 2.6 is the Laplatie.

In the previous sections, the existing methods whiave been commonly used in
landslide susceptibility were summarised. Attentwais given to data mining techniques,
particularly the decision tree technique, due toynaf its demonstrated advantages. Also, it
was identified that the selection of landslide aod-landslide pixels, the amount and their
proportion used to develop the model requires &rtiesearch. Methods of enhancing the
predictive capabilities of the models also requirese research as not much work has been

reported in this area.
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2.6 Optimum pixel resolution

Representation of a landslide should be done agatecas possible. Within a GIS
environment, the landslide inventory in vector fatris required to be converted to the raster
format and ultimately, a pixel or a grid cell beasnthe smallest unit in representing a
landslide. All the input data layers are all reqdirto be converted to a raster grid file.
Therefore, investigating the relevance of spatedolution in interpreting the terrain
attributes and geo-hazards is considered essefitia.is however, a typically overlooked

consideration.

2.6.1 Pixel resolution and landslide susceptibility maggpi

According to the LRM guidelines (AGS, 2007; Felt,a., 2008a), the scale at
which the landslide susceptibility mapping is coctéd should be selected based on the
level of zoning required to meet the ultimate pseof the mapping such as, local
government decision making, informing policy makersgeneral public. Therefore, the
scale or resolution of the input data and decidingan optimum pixel resolution to conduct
landslide susceptibility modelling plays a majoleran determining the accuracy and
acceptability of the landslide zoning map (Flertjal., 2011). Availability of data however,
plays a key role here. If higher resolution dataas available, the study should be carried
out with the understanding that the smallest schny contributing dataset will control the

output resolution of the model and this may be Bmé#han desired.

According to the literature, the landslide susdamliy mapping has been
undertaken using various methods and none of thewme comprehensively analysed the
suitability of the resolution or the grid size ugedderive the DEM parameters and conduct

modelling to produce the landslide susceptibilityp®.

When reviewing the literature, it was observed thatdslide susceptibility
mapping has been undertaken inconsistently at wasoales such as slope scale (Guzzetti

et al., 2006; Rossi, et al., 2010), catchment 4&dAdo, et al., 2009) and at various grid sizes
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(Ayalew, et al., 2005; Den Eeckhaut, et al., 20¥@yjanovi, et al., 2011). Furthermore,
these authors have not investigated whether thie scal resolution of the input data is
suitable enough to conduct the mapping to obtaBusceptibility map at the scale and

resolution which they were interested in.

Hengl (2006) has comprehensively analysed suitatnigirical and analytical rules
to derive an appropriate grid resolution for thépotidata, from the natural properties of the
input data. The output grid resolution can be talgicdecided on the cartographic concepts
(working scale), GPS positioning systems used taiokdata (positioning errors), remote
sensing system used for mapping (size of refereigect), point samples (inspection
density, distance between points and spatial deymaydstructure) and the complexity of the
terrain (Hengl, 2006). With respect to landslidecayptibility mapping, the resolution of the
DEM, the scale at which the landslide inventory wallected and the size of the landslides
the inventory contains and vector based data ssige@logy, are the most prominent factors

towards building the model.

Since the DEM controls the scale or resolutioneriving the parameters required
for the model, it is vital to make sure that thstea (grid or pixel) resolution of the DEM is
decided based on the source of the DEM (satelitmtour or ALS data derived) is
satisfactory enough so that it can represent thaitevariation as closely as the data makes
possible and parameters derived from it are aceuratcording to Guth (2003), average
slope value increased as the DEM grid resolutiocredesed due to the generalization of
slope values. Thus, slope values derived from eodEMs are lower than that of finer
resolution DEMSs, cited in Pain (2005). Howeverire fgrid resolution may not be optimal in
the sense of representing smoothly varying terfaatures. Furthermore, use of a fine
resolution in this scenario would slow down the smduent computation of terrain
derivatives (Hengl, 2006) but this could be resdlwsith the latest advances of the

information technology .
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At present, the high density ALS data is the madvanced source of point
elevation information that can be used to produEd3. However, availability of this data
is limited to some parts of the study area disaigsrein. To produce a study area wide
DEM, this data was merged with the CSIRO/NASA GDERI When deriving DEM’s from

the ALS data, the methods proposed by Hengl (20@6i)d be applicable in determining the

coarsest legible grid resolutiors (0.1\/%) , finest legible resolutiong(0.0S\/%) and

recommended compromise resoluti@n((.0791\/%) ( N is the number of ALS data points

within A study area).

In addition, selecting a suitable resolution toresent a landslide inventory and
landslide susceptible areas in a landslide zonirg should be done according to the
required scale at which the zoning map is to belyred. According to Hengl (2006), the
smallest size of the feature subjected to mappmmithum legible delineation, MLD)
should be equivalent to the area of four grid céellserefore, based on the area of the
smallest landslide feature represented on a mapgaten scale, the coarsest legible grid
resolution € SN x 0.0025), finest legible resolutionX SN x 0.0001) and recommended

compromise resolution< SN x 0.0005) can be derived, where SN is the map scale number.

However, mapping landslide susceptibility basedlecision trees requires several
other data inputs than the DEM and the landsligentory i.e. geology. Hence, obtaining an
optimum pixel resolution appropriate to represahthe input data as well as the output
map scale would be a challenge if input and outpyers are considered individually

according to the methods proposed by Hengl (2006).

Lee et al. (2004), has used success rate curvesrpare the results of the
frequency ratio probability model at five differemtsolutions. Furthermore, they have
tabulated the varying frequency ratio of landslidgainst the different pixel resolutions with

respective to the individual landslide causativeda Lee et al. (2004), have concluded that
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based on the area under success rate curves, ¥dler@solutions, 5, 10 and 30m have
produced almost similar accuracies whereas theab@0200m resolutions have produced

very low verification results.

Furthermore, Paulin et al. (2010) have theoreiicginerated shallow and deep
seated artificial landslides on DEM’s at resolusi@f 1m, 5m, 10m and 30m. The Stability
Index Mapping (SINMAP) and Multiple Logistic Regsésn (MLR) models were used to
detect these landslides based on assessing theenaimpixels used to represent landslides
at each resolution and their suitability in presggvthe cartographic representation of
landslides. According to the methods proposed bygHE006), they have usedk?2 pixels
to represent the smallest landslide and or at leastpixels to represent the width of the
landslide . With the DEM's at 30m and 10m resolusioshallow landslides were not being
detected for not having the minimum legible aregbéoexpressed in a map. Therefore,
DEM’'s at 10m and 30m resolutions were not succégsfuassessing susceptibility of
shallow landslides but could be used in deep-sdatetslide susceptibility assessments. The
eroded volume of the deep-seated landslides hasata with the increasing pixel size of
the DEM ranging from 1m to 30m. DEM’s at 1m and Bsolutions were successful in
representing both shallow and deep-seated landslidee accuracy of the SINMAP model
has not significantly changed with the increasiinglpsize but it was under-predicting the
landslides at each resolution. In addition, the Min@del has been highly affected by the
pixel size and the best performance of this moded abtained at 1m resolution while over-
predicting landslides at other resolutions. Thedigteon capability of the MLR model has
decreased dramatically with the increasing pixet fiecause of the percentage of the study
area that has been used to train the model hasaised with the increasing pixel size. Paulin
et al. (2010) have concluded it is important toeassthe acceptability of these results
produced from DEM's at different raster resolutiatespite lacking tools and methods for
this kind of study and limited data availabilith $ummary, both of these models (SINMAP

and MLR) have not performed well in predicting fetally created landslides.
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In the literature, an effective method to derivee thptimum pixel resolution
appropriate for modelling the landslide susceptibiising decision trees is not available. By
considering all these previous studies which weoé eonducted on decision trees, a
methodology is proposed and discussed in Chapter find the resolution at which a
decision tree model would produce the most accéptabults. Assessing and comparing the
accuracies of the different decision trees can deedusing ROC (Receiver Operating

Characteristic) curves and or success rate cuitvasned at different pixel resolutions.

Furthermore, when representing the landslidesringeof pixels, the total area of
the landslide inventory should be reasonably simdahe total area of the landslide pixels.
The model inputs consist of individual pixels camgyall the values of the causative factors
and the output consists of pixels representingsaeqitible value. So, the size of the pixel
should be reasonable and adequate in represemindandslide inventory and landslide
susceptibility areas. Therefore, the relationshgiween the optimum pixel resolution
corresponding to the best performing model andsthe of the smallest/medium or largest
landslide in the inventory will be assessed in stigly. The ratio between the pixel size and

the smallest or medium landslide area will be dewedl as a worthwhile measure.

The selection of the optimum pixel resolution tondoct modelling could be
limited to the scale of the available data, fotanse geology. Even though the DEM maybe
at a reasonable resolution, the smallest scalehahwany input dataset the rules suggest
important will guide the maximum resolution at whiche susceptibility should be
considered. Obtaining input data at a larger stmlat least expensive and very time
consuming if indeed at all possible. Thus, the Ipigsolution of the output grid is restricted
to the size which the input data allows. Therefdine, variation of the performance of the
decision tree model with respect to different pisedolutions is worthy of research. This is

indeed the subject of Chapter 5.
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2.7 Sydney Basin geology

The major objective of this section is to presertiriaf overview of the Sydney
Basin geology. A large volume of work has been ighleld on this topic following extensive
research work by many writers conducted in thilfi& comprehensive study of the Sydney
Basin geology is not within the scope of this thesience, the content of this chapter is
merely a summary of the highlights of the SydnegiB@eology as they are relevant to this

thesis.

2.7.1 Overview of the structure and depositional stadébeoSydney Basin

Herbert and Helby (1980) describe in detail théaeic setting, structural geology
and stratigraphy of the Sydney Basin. The origithef Sydney Basin lies in a major tectonic

unit known as the Sydney - Bowen depositional basin

The north-eastern boundary of the Sydney Basineisaicated by the “New
England” depositional basin which contains depdsitis Early Permian to Triassic periods.
The western boundary is a depositional/erosionahfiary with Permo-Triassic sediments
extending up to and overlying the Lachlan Fold BéISilurian to Devonion age rocks. The
Mount Coricudgy anticline separates the SydneyB&sim Gunnedah Basin forming the

northern boundary.

In the Bowen tectonic stage, the most important aoaghe Sydney Basin was
formed from the marine sediments and eroded teimbstediments supplied from the
uplifing New England fold belt. This supply of $esnts continued to the next tectonic
stage, Hawkesbury which has three stratigraphiisioins namely Narrabeen (Late Permian
to mid-Triassic), Hawkesbury Sandstone (Mid Trigsshnd Wianamatta Groups. The
sediments deposited in the period of Early Jurrhaie been eroded away while some have
been preserved as volcanic breccia pipes. Figrer2sents a summary of the geological

time scale and the Sydney Basin stratigraphy.
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Figure 23. Sydney Basin stratigraphy after Maung et(1997)

2.7.2 Geology of the northern Sydney Be

The northern part of the Sydney Basin comprisethiife main geology groug

Dalwood group, Maitland group and Singleton s-group.
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2.7.2.1 Dalwood group

The Dalwood group represents the early marine sadiation and volcanism in
the northern Sydney Basin. This early phase ofnsexliation has two main subgroups, the
Lochinvar Formation overlaid by the Allandale Fotiba. The Lochinvar Formation,
having a thickness of 835m in the Lochinvar aremt&ins poorly fossiliferous mudstone
and sandstone with interbedded basalt flows. ThenAkale formation has been encountered
in a cutting of the northern railway line at Allald and contains sand and conglomerate
facies with fossils. The late sediment depositshidf group are associated with a series of
transgressions and regressions and are repredgntb@ Rutherford Formation (mudstone
and siltstone with thin limestone and marl) and Beley Formation (fine to medium
grained, moderately fossiliferous, silty sandstoaafountered at Farley railway station,
having a thickness of 300m. The Greta Coal Meastlo=® to Greta area has a thickness of
63m, and marks the upper boundary of the Dalwoodufar This often consists of
conglomerates, sandstones, and minor amount ctosit and mudstone (Herbert and

Helby, 1980).

2.7.2.2 Maitland group

This group was formed during a marine transgressiegrlaying the Dalwood
Group. The bottom unit is the Branxton Formatiorichbconsists of sandstones (Cessnock
sandstone member) and conglomerates in the botftmawhickness of 790m in the Greta —
Braxton area, and silty sandstones and siltstonedigng siltstone member) at the top with
a thickness of 510m in the Mulbring area, with Benestella shale in the middle, having a
thickness of 30 - 60m. Above this formation, libe tMuree Sandstone which consists of
conglomerates, sandstones and interbedded sandstaikstone facies, reaches 300m
thickness in Muswellbrook and 82m thickness in Bdaw George close to Mulbring. Silty
to muddy Mulbring siltstone marks the top boundafythe Maitland group (Herbert and

Helby, 1980).
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2.7.2.3 Singleton super-group

This is the youngest geological group in the nonth8ydney Basin having the
Tomago coal measures in the bottom (15 seams) anatdstle coal measures (21 seams) at
the top. The outcrops of these coal measures aateld along a coastal part of the Hunter

Valley and northern Lake Macquarie Syncline (Herbend Helby, 1980).

2.7.3 Geology of the southern, western and central pdutise Sydney Basin

Table 2.7 summarises the geology of the westere Blountains, and Figure 2.4

presents the stratigraphy of the Winamatta GrowpMittagong Formations.

2.7.3.1 Talaterang group

In the southern section of the Sydney Basin, Clyd#ey, the Talaterang group
consists of Yadboro conglomerate and Pigeon HousekCSiltstone. In the Shoalhaven
river valley, this group mainly includes Tollong f@domerate and Badgerys Breccia. The
Coal Measures in the Clyde valley have an irregdisiribution and width, underlying the
Snapper Point Formation in the Budawang Creek hadupper Clyde River area. Close to
the intersection of Yarrunga creek and the KangdRbger, 15m thick coal sediments
(known as Yarrunga coal measures) with two seahnesthickest being about 3.2m, lay in-
between Burrawang conglomerate and the Snappet foymation (Herbert and Helby,

1980).

2.7.3.2 Shoalhaven group

The thickness of the Shoalhaven group decreaselyrdpm the coastline to the
west margin (Tallong) from 100m to 45m. Furthethe south, the stratigraphy of this group

becomes more complete with the Wasp Head formainohthe Pebbley Beach Formation.
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Table 2.7 Geological units in the western Blue Mountg(Goldbery, 197)

Age Group Formation Approximate
Thickness'
Triassic Marrabeen Group Banks Wall Sandstone
{Grose Subgroup) (Wentworth Falls Claystone Member)
Mount York Claystone Im-12m
Burra-Moko Head Sandstone 55m
Caley Formation 28m
Permian lllawarra Coal 110m
Measures
(Charbon Sub-Group
Shoalhaven Group Berry Siltstone
Carboniferous Granite

Note 1, Approximate thickness of Formation at Viclona Pass
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The wider extent of the Snapper point formatiomrthe coast to the western
boundary is associated with one of the major Permiarine transgressions and the main
constituents of this formation are medium to coaysartz sandstone and pebbly sandstone.
On the other hand, a hard blue silty unit occurratipve the Snapper Point Formation
known as the Wandrawandian Siltstone has a lingtednt towards the west and it has been
exposed in one of the valleys in western margithefSydney Basin. The Nowra Sandstone
unit lies above this Wandrawandian siltstone undiminishes and then continues above the
Snapper Point Formation. The top most unit of theathaven group is the Berry siltstone
which consists of volcanic and non-volcanic litfifagments, illite and quartz, was first
deposited in a regression period and broadens tiswartheast. An out crop of this unit can
be found in Albion Park and its maximum subsurfénekness is considered to be a massive
550m. The Budgong Sandstone and the Gerringong avimcFacies are two of the
subgroups of this Shoalhaven Group. The BudgonglSane contains planar beddings and
the thicknesses of these beddings increase tovilaed®p. It is lithic to felspathic lithic in
composition, with a thickness of 180m in the Wollong area, further exposed in a road
cutting south of the intersection of F6 freeway &nthcess Highway (Flentje, 1998) and the
maximum thickness of 370m is reached at the SaddieMountain (Herbert and Helby,

1980).

2.7.3.3 The Narrabeen Group

One of the best examples of Narrabeen Group idHtdssans Walls of the Blue
Mountains and the exposure to the west of the BeBddge between Coalcliff and Clifton
near Stanwell Park in the northern lllawarra. Tédnsa includes the Type Section outcrops
for all of the Narrabeen Group formation. The Bakthe Narrabeen group is formed by the
Clifton subgroup and it is approximately 220m thascoss lllawarra. The strata between the
top of the Bald Hill Claystone and the bottom o tHawkesbury Sandstone including the

Garie Formation and Newport Formation belong to @wsford Sub-Group (Bowman,
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1974). Flentje (1998) provides a useful condensmahsary of Bowman (1974) works with

some other referenced work included.

2.7.3.4 The lllawarra Coal Measures

The lllawarra Coal Measures (Figure 2.5) has twd gmoups namely the
Cumberland Sub-Group at the bottom, and the SydhdyGroup at the top and is up to
310m thick across the lllawarra region. The Cunaretl Sub-Group consists of Pheasants
Nest Formation, Unanderra and Figtree Coal Meas@®keley Latitte Member and Erins
Vale Formation. The major units included in the 183y Sub-Group are Wilton Formation,
Woonona Coal Member, Tongarra Coal, Bargo Clayst@aeks Forest Sandstone, Allans
Creek Formation, Kembla Sandstone, Wongawilli C&alkersley Formation, Balgownie

Coal member and Bulli Coal seam (Bowman, 1974).

2.7.3.5 Hawkesbury Sandstone

Hawkesbury Sandstone is a flat lying Middle Triagsiature quartz sandstone. A
thin outlier of this can be seen in the westerneBWountains (Herbert and Helby, 1980). It
has a maximum thickness about 250m and, near SllaRadk and Macquarie Pass, the
thickness is around 180m and 120m respectivelyetSeandstone facies and massive
sandstone facies are two major contrasting stifeh tbelong to Hawkesbury Sandstone

(Bowman, 1974).

2.8 Summary and conclusions

Landslide inventory is the most prominent inputagat required for the proposed
landslide susceptibility zoning work. The AGS (2p@r JTC-1 do not provide a standard
database schema which can be adopted as a framewadekelop a new landslide inventory.
The method of mapping landslides and the databakens of many national and
international landslide inventories depend on thecHic business requirements, funds

available and the level of technology being used.
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All the landslide inventories reviewed herein ardSGbased. Landslide
identification and mapping has been done at differecales using different methods
including aerial photo interpretations. Oracle andMs Access database management
systems with relational tables and ArcGIS attridatdes are the commonly used methods to

handle landslide alphanumerical data.

A modified version of Table 4 of AGS (2007) is posed in this chapter to define
effective landslide susceptibility descriptors tss@ss the performance of the landslide

susceptibility modelling outcomes discussed inrlatepters.

The pruned decision tree technique is identifiedh@smost suitable method for
this work as it is a computationally fast and asleambersome method compared to the
other methods reviewed herein. It is a transpgpemtedure enhanced with advanced data
handling and pattern recognition techniques. lerditure, studies conducted on modelling
landslide susceptibility using a pruned Seeb dacidree are extremely rare to find.
Therefore, a method is proposed herein to contmldecision tree size using tree pruning
parameters available with See5. This would minimieelel over-fitting the existing patterns

of the training data and increase its capacityrédliot unseen test cases.

The optimum pixel resolution suitable for modellittge landslide susceptibility
must be investigated as it determines the abifitthe output maps to serve the purpose of
this research. Hengl (2006) provides the basicrtbedo link GIS data and an appropriate
resolution to display them. This analysis is furtbgtended with respect to the proposed

modelling technique and the results are discussé&thapter 5.
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CHAPTER 3: DATASETS

3.1 Introduction

Compiling the necessary model input datasets ferwiider Sydney Basin study
area has been one of the major challenges ofélk&arch project. Due to the unavailability
of seamless GIS based datasets over the studyexisting datasets have been merged to
obtain the desired coverage. Following a compreatengerature review as discussed in a
previous chapter, new data tables have been irteatdand the structure of the landslide
inventory has been updated to facilitate statehef art storage, querying, analysis and
visualisation of landslide data. Landslide costdad a new introduction, and documentation
of landslide cost information is facilitated undiee new inventory structure. The University
of Wollongong GIS-based landslide inventory hasnbexpanded from its lllawarra centric
coverage to include landslides from across the 8ydBasin and some from further afield
across New South Wales. Updating and modellingeolagy over the study area has been
completed with the merging of the existing larg@lscgeology datasets with the NSW
Geological Survey seamless state-wide geology. Aposite Digital Elevation Model
(DEM) comprising of high resolution Airborne Las&can (ALS) datasets at 1m and
CSIRO/Geoscience Australia/NASA Global DEM at 30as been developed and resampled

to obtain a 10m study area wide DEM.

3.2 Digital Elevation Model

A digital elevation model is the predominant GISdsh raster data layer that has
been used in this project. It has been a majolainge to obtain a dataset which covers the
entire Sydney Basin study area at a sufficientighhénough resolution to carry out the
modelling work. The most technologically advanceetimd of obtaining elevation data to
date is Airborne Laser Scanning, or also known ightLDetection and Ranging (LiDAR).
Basically, the ALS or LIiDAR data consists of cooraties (X, Y location) and the elevation

(2) information. Considering the data that has bessd in this project, the average distance

67



Datasets Chapter 3

between two adjacent points is approximately 3nesehhigh density elevation point clouds
are suitable for producing high resolution digievation models. However, due to the
partial availability of these datasets across tiielysarea, another alternative dataset was
used to cover the remaining parts of the study.afé® CSIRO/Geoscience Australia
sourced NASA Global DEM V2.0 (NASA, 2011) at 30nsaition was used as the second
dataset to obtain elevation information. The ALSadaas used to produce a DEM at a
resolution of 10m, the NASA GDEM was also resampled.Om resolution using Cubic
Convolution method. The subject of which pixel tafon is best for this work is discussed
in detail in Chapter 5. These datasets were masdmeroduce the final seamless DEM
covering the entire study area. This DEM is oved 88llion pixels and the DEM alone is a

3.65GByte ArcGIS GRID file.

The contributing datasets of the mosaiced DEM sihewn in Figure 3.1.
Subsequently, the following derivatives were praatlifrom the mosaic DEM. ArcGIS 3D
analyst tool was used to produce most of the gudkess stated otherwise.

3.2.1 Slope inclination

The slope grid identifies the inclination or the ximaum rate of change of the
elevation between each cell and its neighbours. ilibknation of slope is calculated in
degrees and stored as a continuous number in thatarid.

3.2.2 Slope aspect

The slope aspect grid defines the steepest dowe slivection from each cell to its
neighbours. It can be considered as the slopetaireof a hill face. The slope aspect is an

integer grid with values ranging from 1 to 360 esg@nting compass directions.

3.2.3 Flow accumulation

This grid was produced using the ArcGIS Spatial Igstatool and represents the

flow concentration of an area. Flow accumulationdkulated by taking the sum of all cells
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flowing into each downstream cell. This informatioould be used to indentify stream

channels by evaluating the amount of accumulatednfl@awing into a watercourse.
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Figure 3.1. Contributing datasets of the mosaic Ddfid the new ALS dataset received after
finalising the model
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3.2.4 Terrain classification

Terrain classification was conducted using two eléht methods. The first
method, an integer grid of eleven categories wapgred using IDRISI Taiga Toposhape
tool. The eleven categories represent featureadimd) peak, ridge, saddle, flat, pit, convex
hillside, saddle hillside, slope hillside, concailtside and inflection hillside. This IDRISI
tool looks promising but it did not produce anyeetive results. Therefore, a second

technique has been used to derive a basic telessification.

The second method classifies the terrain into tigreeips namely, buffered water
courses, spur lines and intermediate slopes. Badfstream line grid was obtained by adding
a 30m buffer to the streamlines which were deritin flow accumulation and flow
direction grids. To identify ridge lines, the gni¢as inverted by multiplying it by -1. The
inverse of flow accumulation was derived from theerse of elevation grid. The inverse of
stream lines grid represents the ridges and it desved from the inverse of flow
accumulation and flow direction grids. Spur linesrevdefined by buffering the ridges by
10m. The area other than the spur lines and ladfestream lines is considered as
intermediate slopes. The final grid is an integgwet grid of these three classes. The

ArcHydro tool was used in this process.

3.2.5 Terrain curvature

Terrain curvature grid is a floating point grid. rZature value of the surface
covered by a pixel is calculated by fitting a paetnc surface to its neighbouring pixels.
Considering the area covered by a pixel, a negativgature value means the surface is
upwardly concave and a positive value indicatesttiesurface is upwardly convex whereas

0 means the surface is flat.

3.2.6 Profile and Plan curvature

Profile curvature defines the curvature of the atgfcovered by a single pixel in

the slope direction and plan curvature defines dhevature along the slope (contour),
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perpendicular to the direction of maximum slopeofiy curvature represents the rate of

change of in gradient whereas plan curvature repteshe rate of change in aspect.

3.2.7 Wetness index

An ArcGIS v.10 extension named Terrain Analysisigdbigital Elevation Models
(TauDem v5.1.2) developed by Tarboton in 2013, wsasd to produce this grid. The
wetness index is the ratio between the slope quureting to a pixel and the contributing
upstream area that drain into that particular p§gpécific catchment area). The contributing
upstream area can be derived from the flow accuioulgrid (flow accumulation x grid cell
size). The equatiom (A/tan f) defines the wetness index whetg denotes the specific

catchment area arfiddenotes the slope of the specific pixel.

3.3 Cadastre

A cadastre dataset was obtained under a license Department of Primary
Industries (DPI). Cadastre or property boundaried areas (polygons and polylines) are
used in NSW as the fundamental spatial index bgllaad state governments. Cadastre is
used to manage property ownership and land-usegavtiilst it has not been used as a part

of the landslide susceptibility zoning work, itaisknowledged as an important data layer.

3.4 Vegetation

A study area wide vegetation map was not availfdiiéhe entire Sydney Basin.
However, for the Wollongong Local Government Araayegetation map was prepared by
combining three regional vegetation layers. Thévaategetation shapefile of the lllawarra
escarpment, and coastal plain, native vegetatidgheo¥NVoronora, O'Hares and metropolitan
catchments, and native vegetation of the Sydneyopelitan were obtained under a license
agreement with the National Parks and Wildlife 8srfor New South Wales. These three
datasets were merged and clipped to the WCC ardalenfinal dataset consists of 98

different vegetation classes as listed in Table 3.1
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Table 3.1. Vegetation classes

Code Description

MUO void/not assessed

MU1 lllawarra Escarpment Subtropical Rainforest

MU2 Coachwood Warm Temperate Rainforest

MU3 Robertson Cool-Warm Temperate Rainforest

Mu4 Sandstone Riparian Scrub

MU5 Cliffine Coachwood Scrub

MU6 Moist Blue Gum-Blackbutt Forest

MUG6a lllawarra escarpment Blackbutt Forest

MU7 Moist Coastal White Box Forest

MuU8 Moist Gully Gum Forest

MU9 Nepean Gorge Moist Forest

MU10 Robertson Basalt Brown Barrel Forest

MU11 Moist Shale Messmate Forest

MU13 Tall Open Gully Gum Forest

MU14 Tall Open Peppermint-Blue Gum Forest

MU15 Tall Open Blackbutt Forest

MU16 Tall Blackbutt-Apple Shale Forest/ SouthermSgy Sheltered Forest

MU17 O'Hares Creek Shale Forest

MU18 Highlands Shale Tall Open Forest

MU19 Transitional Shale Open Blue Gum Forest

MU22 Transitional Shale Dry Ironbark Forest

MU23 Transitional Shale Stringybark Forest

MU25 Sandstone Gully Apple-Peppermint Forest/ Gd&&andstone Gully Forest

MU26 Sandstone Gully Peppermint Forest

MuU27 Nepean Sandstone Gully Forest

MU29 Exposed Sandstone Scribbly Gum Woodland/ SydneyhSBuposed Sandston
Woodland

MU30 Nepean Enriched Sandstone Woodland

MU32 Escarpment Edge Silvertop Ash Forest

MU33 Silvertop Ash Ironstone Woodland

MU34 Sandstone Heath-Woodland

MU36 Budawang Ash Mallee Scrub

MU38 Rock Pavement Heath

MU39 Rock Plate Heath-Mallee

MU40 Woronora Tall Mallee-Heath/ Coastal Sandstdeath-Mallee

MuU42 Upland Swamps: Banksia Thicket

MuU43 Upland Swamps: Tea-Tree Thicket

MuU44 Upland Swamps: Sedgeland-Heath Complex

MuU45 Upland Swamps: Fringing Eucalypt Woodland

MU46 Upland Swamps: Mallee-Heath

Mu47 Highlands Sandstone Swamp Woodland

MuU48 Highlands Swamp Gum-Melaleuca Woodland

MUA49 Weeds and Exotics/Weed_Ex: Weeds and Exotics
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MU50 Regenerating Vegetation

MU51 Artificial Wetlands

MU52 Water

MU53 Cleared

MU55 Acacia Scrub

MU56 Allocasuarina Heath Regeneration
MU57 Alluvial Swamp Mahogany Forest
MU58 Beach Sand

MU59 Beach Sands Spinifex

MU60 Coastal Grassy Red Gum Forest

MU61 Coastal Headland Banksia Scrub

MU62 Coastal Headland Grassland

MUG3 Coastal Rock Platforms

MU64 Coastal Sand Bangalay-Blackbutt Forest
MUGB5 Coastal Sand Freshwater Wetland
MUG66 Coastal Sand Scrub

MU67 Coastal Sand Swamp Mahogany Forest
MU68 Coastal Swamp Oak Forest

MU69 Escarpment Moist Blue Gum Forest
MU70 Estuarine Alluvial Wetland

MU71 Estuarine Lagoons and Channels
MU72 lllawarra Escarpment Bangalay-Banksia Forest
MU73 Fig Trees

MU74 Floodplain Wetland

MU75 Hind-Dune Littoral Rainforest

MU76 Land Slip

MU77 Littoral Windshear Thicket/ Coastal Headlarittdral Thicket
MU78 Lowland Dry-Subtropical Rainforest
MU79 Lowland Woollybutt-Melaleuca Forest
MU80 Modified Lands

MuU81 Moist Box-Red Gum Foothills Forest
MU82 Moist Brown Barrel Forest

MU83 Ocean Seagrass

MU84 Riparian River Oak Forest

MU85 Rock Outcrops

MU86 Saltmarsh

Mu87 Seagrass Meadows and Estuarine Flats
MU88 Spotted Gum Open Forest

MU89 Submerged Rock Platforms

MU90 Turpentine Regeneration

MU91 Artificial Wetland

MU92 Beach Sand/ Coastal Sandstone Riparian Forest
MU93 Coastal Sandstone Riparian Scrub
MU94 Coastal Upland Damp Heath Swamp
MU95 Coastal Upland Wet Heath Swamp
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MU96 Coastal Headland Clay Heath

MU97 Coastal Sand Tea-tree-Banksia Scrub
MU98 Coastal Foredune Wattle Scrub

MU99 Coastal Sandstone Rock Plate Heath
MU100 Sydney Hinterland Dwarf Apple Heath-Woodland
MU101 lllawarra Escarpment Subtropical Rainforest
MU102 Coastal Sandstone Gallery Rainforest
MU103 Coastal Escarpment Littoral Rainforest
MU104 Coastal Shale-Sandstone Forest

MU105 Undifferentiated Regenerating Shrubs
MU106 Urban Exotic/Native

3.5 Geology

A detailed GIS based seamless geology layer cay¢ha entire study area was
obtained by merging several regional geology d#&tase shown in Figure 3.2. Even though
detailed geology maps exist for some parts of ty@n8y Basin, the disparities in defining
and naming geological units limited the single stggroach of merging the data sets.
Therefore, several intermediate steps were invoimedenaming some geology fields as
appropriate and introducing a new field nank&l numin each geology datasets to ensure
the consistency in grouping the geological uniteose different map sheets. The detailed
geology datasets at 1:4000, 1:50,000 and 1:10@00éred approximately 75% of the study
area and remainder was covered by the NSW state gishlogy dataset at 1:250,000
(Minerals, 2003). The large scale geology datasetaming to WCC study area has been
discussed in detail in the following section. Th&af merged geology integer grid includes a
total number of 212 geology classes across the §yBasin study area. The extent of the
Sydney Basin modelling was defined by the exterthefbasal geology of the Sydney Basin
sequence (generally the Shoalhaven Group) in thiged dataset and the Om contour along

the coastline of our merged DEM.

The author is aware that the NSW Department of giacturrently working on a
seamless geology dataset for NSW. The Zone 56 ameestal NSW, has recently been

released although too late for use in this research
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When this data becomes available for the entiren8ydBasin study area, this

landslide susceptibility modelling should be rerun.

3.5.1 Wollongong Geology

The large scale (1:4000) detailed geology datase¥\Mollongong (in GIS format)
is a component of the merged dataset and has lsmh separately in the Wollongong
landslide modelling discussed in the next chapiehis geology dataset has been verified in
the field by Dr Phil Flentje for 19 different geghp classes (Table 3.2). Further, during our
field visits to map landslides, this has been fertkerified and modifications have been
made to the geology layers when necessary accordintpe observed rock outcrops.
Detection of Bulli Coal seam during a field visit the Mt. Kiera landslide was one such

observation.

The merged geology dataset for the Sydney Basilysdvea has been clipped to
obtain the WCC study area wide geology datasethi®rseparate landslide modelling. This
dataset includes detailed geology dataset for Wgbog by Flentje (Flentje, 1998),
Wollongong Port Hacking 1:100K, Kiama 1:50K and Bdbon 1:50K geology datasets as

shown in Figure 3.3.

3.6 Landslide cost data

Costs associated with landslides in Australia @&y ypoorly understood. An effort
to address this issue is discussed in this sectiéstimation of landslide cost is not always
straightforward since some losses cannot be mehsnreerms of physical indicators. In
broad terms, these losses can be grouped undemai categories hamely, tangible and
intangible (Osuchowski and Roberts, 2011). Thenenuc losses related to landsliding
which are measurable in monitory terms such agwiggin of property or loss of business,
are tangible losses whereas noneconomic impactl asgc personal pain, impact on
environment and disruption of family and work roeti are counted towards intangible

impacts (Osuchowski and Roberts, 2011).

76



Table 3.2. Description of the Flentje 1:4K mappedlggy classes

Symbol Geological unit Description
A Alluvium QTA age Quaternary age, detrital maderivgrs or streams or found on alluvial fans, flqddins
BS Budgong Sandstone Lithic to felspathic lithicomposition, mostly plane bedded in laterally digmuous units
et e b o " £U40010 Sandeone by he b
KADB Kembla Sst to Bargo Clyst Consists of veryefimo medium grained, cross-bedded quartz lithics@me.
LEF Lower Eckersley Formation Lower part of the Eickey Formation (a unit of variable lithology) aegted by Balgownie Coal Member.
PNE Pheasants Nest Eormation gr?g?lltitli ?:a(;on?;?s?raari::je%i r?(i)r?t:)r/bse(zjr;egf’ égijﬁ%ﬁ?el,ight yellow-grey to mid grey-green sandssoc@mprising volcanic
Pib Gerringong Volcanics Five tabular, laterally extensive basic igneou:kspdi vari_es in compositi.on from aphgnitic to plmyp'tic in plagioclase laths|,
pyroxene phenocrysts across, and some spherictd pinenocrysts possibly are possibly zeolites
Rh Hawkesbury Sandstone Flat lying Middle Triassature quartz sandstone with an aerial extent @fie®»0000 km?
Rnb Bulgo Sandstone Consists of three distincefadiasal pebbly facies, middle volcanic faciestaadipper shaly facies.
Rnbh Bald Hill Claystone Comprises distinctive oblate, red and purple-brown siltstone and claystaith some discontinuous sandstone beds.
Rnc Coalcliff Sandstone Light grey, fine to medigmained, quartz-lithic, massive
Rns Scarborough Sandstone Conglomeratic in a dalaollection of cherts consists of cross beddkesh@r cosets
Rnsp Stanwell Park Claystone Consists of threestdang intervals and two sandstone intervals. Sandstcomposed of weathered lithic fragments
Rnw Wombarra Claystone Comprises mid-grey to gigren-to chocolate claystone with sandstone intexbed
Tong Tongarra Coal Subdivided into four equal cade®ous sections by claystone bands
UEF Upper Eckersley Formation Upper part of EdksrEormation separated by Balgownie Coal Member
Unanderra | Unanderra Coal va\;orﬁgglbrgfmbers, two contemporaneous igneous b¢Berkeley Latite Member and Minnamurra Latite Mm) and a
WF Wilton Formation Comprises laminites composedhaf to dark grey siltstone to fine sandstone égtat ko mid- grey fine sandstone
Wong Wongawilli Coal Cconsists of coal, carbonarseshale and interbedded thin tuffs, with some simmé and shale interbeds
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In addition, direct losses can be further sub didithto more refined categories as
primary direct losses (the immediate destructiomsed by the event) and secondary direct
losses (the consequential additional impacts of diaster), which are the base for
estimating costs for reimbursement provided byeeijovernment or insurance companies

(NRC, 1999).

However, in Australia, costs incurred due to laigsidisasters or even smaller
localised landslide events are not covered undgrramce policies related to natural disasters
and this is an important reason why data concerfangslide costs has not been well
documented by any government/non-government orgoins The engineering and science
community dealing with landslides has also not &eélfpy largely ignoring the need to
document and report on the landslide related cekigiever, in efforts to address this issue
Osuchowski (2011) and Tobin (2018ave documented some costs associated with a few

landslides in the Wollongong region. Some of thisimation dated back to 1950.

These past landslide costs have been incorporatedhie UOW LRT costs table
together with some other landslide related costs &rought forward to a value of present
(2015) and several other cost components which wetdncluded in these reports, were
identified such as expenditure on UOW landslideitesl research and monitoring (Table
3.3). For some more recent landslide events, & antaunt of $351 million AUD in 2015
has been spent over the period 1950 - 2015, mhinyovernment organisations, within the
Wollongong region. Other costs currently relateéh® documented losses of 30 houses and
damage to further 50. Other than the number of é®ummaged, there is no documental
evidence of the monetary value pertaining to thesges. The main reason for this would be
these losses have never been published by relewdintrities as a landslide related cost,
instead, as a cost due to flooding or a storm evesguming the average cost of housing in
Wollongong to be $550,000, the destruction of 30ses represents a loss of approximately

$16,500,000.
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Table 3.3. Estimated future costs (2015) of theldéide related damages

Government costs

Total

Event Date Description Individual/bu cost/Present Annual Future value
P sinesses ($) value (pv) cost (pmt) | (Value now) 2015
Authority Cost
1/01/1970 | Remedial works at Woonona height wcCcC $50,000 $0 $50,000 $449,250.39
Effects of a slow moving landslide| 1/01/1970 | Major property repair ? ? $0
at Woonona heights 1/01/1994 | Geotechnical investigations by Coffey partners wcc $161,200 $0 $161,200 $0 $449,097.17
1/01/1992 | Legal investigations WCC $1,500,000 $0 $1,500,000 $0 $4,607,285.63
1/01/1998 Repairs to Bulli pass RMS $500,000 $0 $500,000 $0 $1,146,009.16
2/01/1998 Replacement of Mt Ousley culvert RMS 66,000 $0 $3,000,000, $0 $6,876,054.91
1998 August storm event
3/01/1998 Investigation into Mt Ousley Culvert RMS|  $300,000 $0 $300,000 $0 $687,605.50
1/01/2008 Maintenance to culvert RMS $1,000,000 $0 $1,000,00 $0 $1,407,100.42
1/01/1981 | Drainage work, repairs, purchase of lots, legalscos WCC $77,547 $0 $77,547 $0 $407,381.37
Morison avenue
2/01/1981 | Geotechnical investigations wcCcC $300,000 $0 $300,000 $0 $1,576,004.39
1/01/1988 Slip reconstruction RMS $20,000,000 $0 $20,000,00 $0 $74,669,126.45
2/01/1988 Residential property clean up $0 $1,500,000 $1,500,000 $0 $5,600,184.48
Mt Ousley Road 1/01/2008 Geotechnical investigations RMS $2,000,000 $0 $2,000,00 $0 $2,814,200.85
1/01/1950 Ongoing monitoring (surveying, real-timenitoring) RMS $0 $0 $0 $100,00( $45,679,801.12
Restoration work and drainage installations (preferther damage L
1/01/1970 to private properties adjacent to Mt Ousle Rd) RMS $1,500,000 $0 $1,500,00 $0 $13,477,511.69
Harry Graham drive 1/01/2009 | Harry Graham road wcCcC $4,200,000 $0 $4,200,000 $0 $5,628,401.69
Mt Keira road 1/10/2000 | Cliff remediation (priority1) WCC $100,000 $0 $100,000 $0 $207,892.82
1/11/2002 | Rock fall remediation (priority 2) wcCcC $250,000 $0 $250,000 $0 $471,412.29
1/01/2000 | Annual routing maintenance cost WCC $0 $0 $0 $100,000 $2,157,856.36
31/12/2011 | Priority 2-3 work wcCcC $720,000 $0 $720,000 $0 $875,164.50
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31/12/2012 | Priority 3-4 work wcCcC $600,000 $0 $600,000 $0 $694,575.00
1/01/2003 | Lawrence Hargrave drive (construction of Sea @iffige) $53,000,000 $53,000,000 $0 $95,180,385.28
Lawrence Hargrave drive
1/01/2003 | Road repairs in 1988-9, 1998-9, 2002-3 WCC $28,000,000 $0 $28,000,000 $0 $50,283,977.13
1/1/2015 Destruction of houses $16,500,000 | $16,500,000 $0 $16,500,000
Other common costs
1/1/1985 | Geotechnical reporting referrals $272,000 $272,000 $272,000 | $19,246,934.85
Total cost $351,093,213.48

The future value of the damaged properly and reoaction work/remediation has been calculated aghgefollowing equation.

(1 + rate)™°er — 1
rate

fv =pv(1 +rate)™°" + pmt X (1 + rate X type) X | ]
Where,

fv - future value as per 1/09/2015

pv - present value,

rate - rate per period, the average consumer jritex is taken as 5%

nper - number of periods,

pmt - payment amount, and type = 1 if paymentsrade at the beginning of each period or type =p@yfments are made at the end of each period.
WCC - Wollongong City Council

RMS - Roads and Maritime Services
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On average, this represents an approximate $5Mkbménnual expenditure on
landslide related works. Assuming a 5% average wuoas price index, if we are talking
about these costs in another 10 years (2025) uthecsfvalue of these costs would be around

$577 million AUD, with an annual expenditure of $8nillion.

Addition of this landslide cost element to the Igliik inventory can be considered
as an essential improvement because this dataearsdd to introduce the landslide cost
component to the existing landslide susceptibititydel. This would be the next challenge

and yet another major development of this work.

3.7 Landslide Inventory

The Landslide Inventory has been the most vital mmment of the landslide
susceptibility modelling work carried out by thendslide research team from 1993 and it
has substantially grown in capacity every yearesifitie landslide inventory is the evidence
based data layer that enables among many othegsthtgpatial modelling of landslide
susceptibility and hazard. The author’s contributio the development of this landslide

inventory has been discussed in the following sesti

In the absence of a universal procedure for bujldiandslide inventories,
following a literature review of national and imational landslide inventories outlined
previously in Chapter 2, a robust landslide inventstructure has been progressively
developed during this doctoral research term. @hiabase structure has been enhanced to
facilitate better representation of landslide edaphenomenon and parallel to the updating
of alphanumerical data, additional spatial lanaslita has been added to the inventory by
mapping slope failures and undertaking field veafions. A landslide cost model has also
been proposed during this doctoral research terchiacduded within the re-developed
landslide inventory. The GIS-based landslide inegntomprises digital landslide datasets
(shapefiles in an ESRI ArcGIS Personal Geodatapase) which maps can be generated of

known landslide sites as required and also availabla MS Access database. This enhanced
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landslide inventory is now well placed for contiduese and populating over the next ten

years or so.

3.7.1 Datatables

In order to facilitate effective storage of alphamrical data, the structure of the
inventory has been iterated numerous times beydentj& (1998) following discussions
with various colleagues (Flentje, et al., 2012).eTlandslide alphanumerical, text and
graphical data is stored in a fully relational M8ca&ss database to facilitate data viewing
and updating of the associated tables. The tabéedeveloped to document the information
under several topics namely, Landslide Locationb(@&8.4), Landslide Summary (Table
3.5), Landslide Geo-Data (Table 3.6), Landslide URemce (Table 3.7), Landslide Cost

(Table 3.8), Landslide Identification, Risk Assessiy Field Visits and Photographs.

It is important to note, the table Landslide Cbas been incorporated into the
revised structure of the inventory. This landslodst table summarises the items identified
as essential in recording costs associated wittislating and forms the base for future
landslide cost estimations within the wider Sydibegin area. In addition, a borehole data
table is also linked to the landslide identificatitable to facilitate accessing borehole

information of relevant sites.

In the updated structure, the consecutive reaaivaitof the known landslides is
stored in the table Landslide Recurrence with tRE€ $Site Reference Code) corresponding
to the major landslide event in the Parent LS (tlaeent landslide) field. First time
landsliding and reactivations need to be managediny inventory. The first known
occurrence of a landslide results in a polygon daligitized and assigned a SRC and a
Parent_LS number. Subsequent reactivation or amt eith a similar spatial extent requires
a landslide recurrence reference. The tables thatnat in the relational diagram are
designed to provide values/descriptions for fiétdthe relational tables. The column related

to field description or value is linked to respeetcombo boxes in the MS Access form and
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dropdown lists. There are ten supporting tablesetgnmAGS Risk, Instability, Potential
Damage to Economic Activities, Potential Damagéadad, Potential Damage to Structures

and Services, Potential Loss of Human Lives, Raite, Status, Slope and Trigger.

3.7.2 Relational diagram

The Landslide Location table is the centre tabledib the relationships in the
database (Figure 3.4). The Site Reference Code )(SRGnique number assigned to each
landslide in the inventory, is the primary key fibre entire database which links the
information in the other tables. This relationalusture facilitates viewing, updating and
analysing of all the recorded landslide informatemmresponding to any landslide location.
A recurrence may be recorded under the same SR@ aarlier event if spatially similar to
the earlier event, or as a new SRC if sufficiesghatially different to the previous event. A
field is also allocated for each landslide eventetword whether it is located within another
landslide. If so, the SRC of the encompassing ladeéhe parent landslide) can be added to

the Parent Landslide field.

3.7.3 Landslide spatial database

In tandem with the information collection from numes sources to update the
landslide inventory structure, the landslide boure$ahave been typically, but not always
verified in the field using a Trimble GeoExploreD0® XT GNSS device. With the
cooperation of Transport for NSW Road and Mariti@evices and Sydney Trains as well
as numerous consulting firms, landslides acrossSyaney Basin, including those in the
Castle Hill and the OIld Northern Road areas of Hilks Shire, have been mapped. Field
mapping has also been undertaken in the Lake Maegand Newcastle area by Fell and
Flentje. With then and current support of the L8acquarie City Council, those landslides
have also been incorporated into the current irrgntUnstable’ areas in soil landscape
maps and areas of landslide disturbance withinte¢iga mapping have also contributed to

the growth of the inventory.
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Figure 3.4. Relational Diagram
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Table 3.4. Table Landslide Location (tblLandslideation)

Attribute Name Description Data type
Five character numeric site reference number,
SRC Site reference code including the decimal pointi.e. 222.22 Number(Double)
Easting Easting GDA1994 Easting grid position to centre of landslide | Integer(Long)
Northing Northing GDA1994 Easting grid position to centre of landslide | Integer(Long)
Head Elevation Head Elevation Elevation of the landslide crown Integer(Long)
Tail Elevation Tail Elevation Elevation of the landslide toe Integer(Long)
Suburb Suburb Suburb as shown in Gregory's street Directory Text
State State State Text
Street Name Street Name Physical street name Text
Organization or individual responsible for land
Landowner Landowner management of site Text
Comments Comments Comments Text
Table 3.5. Table Landslide Summary (tblLandslideSamy)
Attribute Name Description Data type
SRC Site reference code Five character numeric site reference number, Number(Double)
including the decimal point i.e. 222.22
Creation_Date Creation Date Date of record creation Date/Time
Revision date Revision Date Date of record revision Date/Time
Confidence Confidence Confidence of interpretation of the landslide Text
Failure Date Date of failure Date and time of the landslide Date/Time
Trigger Trigger Cause of land sliding Text
Nature of Instability Nature of Instability Instability description Text
Primary Instability Primary Instability type Type of the Primary instability Text
Secondary Instability Secondary Instability type Type of the secondary instability Text
Parent LS Parent Landslide Landslide summary ID of the parent landslide If a Integer(Long)
Slope Ground Slope Local area average ground slope Integer
Movement_Classification | Movement_Classification Classification of the Movement Text
Movement Type Type of the movement Slope movement classification (Cruden and Text
Varnes (1996) full landslide classification)
Movement Rate Rate of movement Rate of movement of sliding mass Integer(Long)
Activity Activity Landslide activity Text
Comment Comment Comment Text
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Table 3.6. Table Landslide GeoData (tblLandsliddxa)

Chapter 3

Attribute Name Description Data type
Five character numeric site
SRC Site reference code reference number, including thh  Number(Double)
decimal point i.e. 222.22
Area Area Area In square metres of Double
instability
Perimeter Perimeter Penm_eter In metres of Double
instability
Depth Depth Average depth of landslide use Double
to calculate the volume
Width Width Width across the slope in metr Double
Length Length Length up/down in metres Double
volume volume Volume of landslide in cubic Double
metres
Material Failure Material Descrlpno_n of t_he bulk materia Text
being displaced
Runout_distance Run out distance Distance trav_elled by the Integer(Long)
landslide
Depth_to_failure_plang§  Depth to failure plane Depth to b;sg{léa:;lure plane in Integer(Long)
Depth_to_bedrock Depth to bedrock Depth to bed rock Integer(Long)
Basal_bedrock Unit Basal bedrock Unit Bedrock typglg;;he Basal she Text
Lab_SS Cp Laboratory derived shea Peak Cohesion Integer(Long)
strengths
. Laboratory derived shea
Lab_SS phi p strengths Peakd Integer(Long)
Laboratory derived shea . ,
Lab_SS UW strengths Unit weight Integer(Long)
Lab_SS Cr Laboratory derived shea Residual Cohesion Integer(Long)
strengths
. Laboratory derived shea .
Lab_SS phi_r strengths Residualkp Integer(Long)
: Back analysis based she .
BackAnalysis_Cp strengths Peak Cohesion Integer(Long)
: . Back analysis based she
BackAnalysis_phi_p strengths Peakd Integer(Long)
: Back analysis based she . :
BackAnalysis_UW strengths Unit weight Integer(Long)
BackAnalysis_Cr Back analysis based she Residual Cohesion Integer(Long)
strengths
. . Back analysis based she .
BackAnalysis_phi_r strengths Residuakp Integer(Long)
Landcover Land cover Land cover Text
Geological province, Geology
Geology Geology of the underlying bedrock unitg Text
Information on superficial
Hydrogeology Hydrogeology water, Springs & Groundwate Text
Comments Comments Comments Text
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Table 3.7. Landslide Recurrence table
Attribute Name Description Data type
Recurrence ID | Recurrence ID Unique progressive number assigned Number(Double)
to each event
How many time the landslide has
Recurrence Recurrence - . Integer(Long)
reactivated
Date of the landslide reactivation took .
Recurrence Date | Recurrence Date Date/titne
- place
Parent LS Parent landslide The SRC of the parent landslide Number(Double)
Comment Comtment Comtnents Text

Table 3.8. Landslide Cost table

Chapter 3

Attribute Name Description Data type
SRC Site reference code Unique numeric site reference number, including the decimal point i.e. 222.2 Number(Double)
Cost ID Landslide summary ID Unique progressive number assigned to each event Number(Double)
Loss Loss type Five categories: Property. Trmspoﬁ, Utilities, Site, Litigation, Community and Text
Environmental.
Cost_type Cost type Type of the cost, Direct-Primary cost, Direct-Secondary cost or an indirect cost Text
Asset_category Categories of the assefs Five categories: Commercial/office/residential building, Civil works, General Text
structure, Rural assets, Road way
Percentage_destruction Percentage of the destruction Percentage of the property that has been damaged Number(Double)
Authority Authority The Authority who bears the cost Text
Authority_cost Authority Cost The cost that the particular authority has to bear Currency
Annual_cost Annual cost Expenditure spent annually Currency
Deaths Deaths Number of deaths recorded Integer(Long)
Injuries Injuries Number of injuries recorded Integer(Long)
Comments Comments Comments Text

Extensive mapping over the last several decadesssdhe lllawarra, Southern

Highlands and South Coast areas, with the suppditeoWCC has resulted in a landslide
inventory with 1522 landslide records across thhatchas now been expanded to include
1840 landslides with 1435 slides, 273 flows and 38, across the Sydney Basin. Whilst
this inventory certainly does not contain all teeant landslides (those active during the last

100 years or so) within the Sydney Basin, (it maly @ontain perhaps 10 - 20% of them),

the project time constraints were such that mappimgd) compilation work was finalised in

order to proceed onto the susceptibility modellitgge of the project. It is hoped that this

work will continue into the future if financial spprt can be found. If it is assumed the
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inventory contains 10% of the total population afdslides, this suggests the Sydney Basin

could contain perhaps 18,400 landslides.

3.7.4 User interface to connect landslide alphanumesindlspatial data

An ArcGIS v.10 add-in button control was developed link the landslide
inventory spatial dataset with the MS Access daalfgigure 3.5). The ArcObjects software
development kit integrated with .NET developmentiemment (Visual Studio Express for
.NET 2008), has been used in developing this ik tool has been developed to facilitate
the ability to view, search, update and add newrdscto the inventory. In addition, it allows
performing additional functions such as locatinigadslide record in the data grid view on
the map (Select button), calculating landslide Wty (LSfrequency tab) and adding the
information in a shapefile data table into the eztiye MS Access table (Table to database
tab). Figure 3.6 depicts the tab control of caltnéalandslide frequencies. It allows the user
to obtain the information on landslide frequency pite, total landslide frequency and
frequency per site using the date criteria. Finadlyspreadsheet which includes all the

calculations can be saved separately.

DEPols I:(H) Editor ~
=,

x|
a5l UOW Landslide Inventory
Locate L| | |NSW_U_ZD14_V5 v| | Load map layers " Add SRCs " select | |?|E‘ SRC ‘T“j‘
Locations | Summary ; Geo data i Identification i Risk A t I Recumences ' L5 frequency | Tableto datab
Refresh | Update
SRC « Easting Morthing Head_Elevation Tail_Bevation LGA Suburb State
. — X | | | | |

1 | 299643 [1211284 ' ' | WOLLONGONG | Stanwell Park
2 299315 [1211264 ' ' | WOLLONGONG | Stanwell Park
3 299012 [1211230 ' ' |WOLLONGONG | Starwell Fark
4 | 298952 [1211624 ' ' |WOLLONGONG | Stanwell Park
5 298742 [1211591 ' ' |WOLLONGONG | Starwell Park
5 | 298564 [1211610 ' ' |WOLLONGONG | Stanwell Park
7 208245 [1211608 ' ' [WOLLONGONG | Stanwell Park
8 208562 [1211245 ' ' [WOLLONGONG | Stanwell Park
5 298809 [1211420 ' ' | WOLLONGONG | Stanwell Park
10 298575 [1211275 ' ' |WOLLONGONG | Stanwell Park
1 298112 [121100 ' ' |WOLLONGONG | Stanwell Parc
12 298349 [1211075 ' ' [WOLLONGONG | Stanwell Park

Figure 3.5. Landslide inventory database linking to
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Figure 3.7 shows the form view of tteble to databaséab. This enables the user

to input the names of the fields of the shapefilebaute table and the corresponding Access

database table and the field that the informatimukl update into.

o

EndDate 409/2014 ~ [ Save

riﬁq UOW Landslide Inventory
[ Lossell || o) [lozamaplayers || padsRCs || sclect |
Stort Date | 4/19/2014 =

SRC Court Firt Date Last Date mﬂf Frequency

> 1
2 1
3 1 1/01/198112:00... 1/06/1989 12:00... | 8.419178082191 .. | 0 475105759843...
1 2 1/01/1950 12:00... | 1401/1850 12:00... | D Infirity
5 2 140171988 12:00._. | 1/01/1988 12:00__ | D Infirity
5 2 140171951 12:00._. | 1/01/1951 12:00._ |0 Infirity
7 5 1/01/1942 12:00... | 17/08/1998 12:0... | 56.66301363863... | 0085240982496,
8 1
9 1
10 3 1/01/1982 12:00... 1/02/1989 12:00... | 1087671232876, | 2758126387984
1 5 1/01/1948 12:00... 17/08/1998 12:0... |50.66027357260... | 0098696663241,
12 2 27/05/1889 1240... | 27/05/1889 120._ |0 Infirity
13 5 1/01/1888 12:00 | 1/01/1952 12:00_ | 103 057534246 _ | 0.048512719636
14 P 1/01/1950 12:00... 17/08/1898 12:0... |43 65753424657... | 0164414414414 _
15 3 1/01/1988 12:00... 1/01/199012:00... |2 0027397260274 | 1497948016415...
16 2 17/08/1988 120 | 17/08/1898 12.0._ | D Infirity
17 1
18 1
191 1
192 1

Figure 3.6. Landslide frequency information.

.
B UOW Landslide Inventory

| Locatell | [Waraganta

) [loosrapiapes | poashcs | sl | s

v dd [ Revoe | Updake |

Loctons | Sy | Geo e | erfieton | Pk Asosaer | ecureres [ LSty Tabe o g |
Losd | saurce_shp v {blLandslideLocation w Location_Description

Atbutetable fied Database table Detabiase table field
LS _Type thll andslidz Summary WMovement_Type
frez thil andslideGeodata Arez
Perimeter thil andslideGeodata Permeater
Suburb thil andsiideLocation Suburb
LGA thil andsfideLocation LGA
References thil Sldentfication Reference
source_shp thll andslidzLocation Location_Description

Figure 3.7. Adding information in the shapefilethhe MS Access database
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3.8 Landslide susceptibility validation dataset

In order to evaluate whether the susceptibility eililg and zoning maps are
‘realistic’ or ‘fair and reasonable’ it was necaystm complete a process of field assessment
during their iterative development. During the dielata collection over a period of many
years, a total of 1087 field based assessmentandklide susceptibility were recorded as

summarised in Table 3.9.

Table 3.9. Summary of field susceptibility assesgme

Field assessment of Susceptibility Class Slide Flow Fall
Very Low Class 1 167 189 379

Low Class 2 225 174 30
Moderate Class 3 244 95 35

High Class 4 423 45 64

The work was completed using GPS, DGPS and moentigcGNSS to record
spatial positioning, and assessing the suscepyilafi an area equating to a 50m diameter
circle centred at the recorded location. The feddessment team (initially Dr. Flentje and
Mr. Miner and during this PhD research Dr Flentjel ahe writer) concluded it was not
possible to physically assess a smaller rectangatea alone (pixel), without being
influenced by the surrounding terrain and condgidihwas concluded however, that it was
possible to assess, in the field, an area equating 50m diameter (25m radius) circle.
Numerical values of 1 to 4 were assigned to eatheofield assessment locations from very
low, low, moderate to high landslide susceptibiligspectively. These assessments were
completed subjectively at same location for susb#ipt to each of slides, flows and falls.
The outcomes of these field assessments with re$pethie modelled susceptibility are

discussed in following chapters.

3.9 Summary and conclusions

Large to medium scale GIS based data layers and$iwe landslide inventory are

the main input data layers for the landslide suodiy modelling. In order to facilitate
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reliable modelling of landslide susceptibility, higesolution and large scale data sets,
including the NSW landslide inventory, geology, g&gion where applicable and a merged
DEM from multiple sources at 10m have been compilled particular, this work has

involved the mapping of many landslides acrossydney Basin region. This data has now
been used to develop the landslide susceptibilagets as described in later chapters of this

thesis.

The landslide inventory structure has been enhantedfacilitate better
representation of landslide related phenomenon.AAdcess database has been developed
to store landslide alphanumerical data. This da@ls&ructure has eight main data tables and
information collected from numerous sources hasnbesed to update the landslide
inventory accordingly. Along with updating the aptumerical data, additional spatial
landslide data has been added to the inventory dpping landslides and undertaking field
verifications. The initial Wollongong landslide iemtory with 1522 landslide has now been
expanded to include 1840 landslides with 1435 s|i@¥3 flows and 132 falls, across the
Sydney Basin. Assuming our inventory contains 10%he total population of landslides, it
can be estimated that the Sydney Basin could corerhaps 18,400 landslides. This
enhanced landslide inventory is now well placeddontinued use and populating over the

next ten years or so.

Costs associated with landslides in Australia @my poorly understood and rarely
documented. An effort has been made to addressshue as discussed in this chapter.
Landslide cost information has been identified aseaessary component to enhance the
landslide susceptibility model as it adds the elemef costs to the landslide related
predictions. As the first step, existing landsliclest information within the Wollongong
region has been summarised and brought forwarkeio present value. These results show
that, within the Wollongong region, nearly a taaahount of $351 million AUD (an annual
expenditure of $5.4 million) has been spent mainyythe government organisations on

landslide related work, over the period 1950 — 2015
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CHAPTER 4: LANDSLIDE SUSCEPTIBILITY DATA MINING ADD-IN TOOL
FOR ARCGIS V.10

4.1 Introduction

After the successful ‘proof of concept’ trial (Ftgn et al., 2011) in 2008, the
University of Wollongong, Landslide Research Te&RT) has been perusing development
of landslide susceptibility models using See5 (faui, 1993; Quinlan, 2013) and ArcGIS
software. Developing See5 decision trees from Gifa dequires the selection of multiple
pixel attribute values from the relevant GIS layéiise entire process of model development
involved a tedious manual process of data extractrom the GIS environment and
interpreting the model outcome. There have beeitdimns in integrating See5 data mining
and GIS techniques due to the incompatibilitiesveen data mining software requirements
and data formats, and those of the GIS datasetls, &amd data formats. Besides converting
GIS data into a structure which is readable inda& mining software Seeb, returning the
See5 output and interpreting the confidence grith wespect to landslide susceptibility
within a GIS environment is another important oladje to overcome when using the

decision tree technique to model landslide sudo#ipti

Furthermore, the lack of appropriate GIS tools xpeglite the modelling limited
the in-depth investigation of optimum model parsretand landslide susceptibility
mapping at higher resolutions (less than 20m) lierdntire Sydney Basin, due to the high
volume of ArcGIS spatial data. In 2008, the probfconcept model required months of
manual processing to extract the data for inpat 8¢e5 and to further extract and interpret a
susceptibility model. This gap has now been filddring this PhD project with the
development of the Landslide Susceptibility Datanidg (LSDM) toolbar (Palamakumbure
et al., 2015), a major goal of this PhD researciegt. This operates within the ArcGIS v.10
interface providing a user friendly and an efficigool to integrate See5 knowledge
discovery and ArcGIS spatial modelling techniquesconduct the wider Sydney Basin

landslide susceptibility mapping.
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This tool extracts and converts data from any &get (including from the
landslide inventory). Then, formats this data tentbe input requirements of the See5 data
mining algorithm. This tool then evokes the Seedgmm, applies the results of the decision
tree analysis to produce a validated numerical gridndslide susceptibility and classifies it

according to the recommendations of the landslglemanagement guidelines AGS (2007).

4.2 Implementation of LSDM ArcGIS Add-In Toolbar

ArcGIS v.10 is enhanced with the embedded scriginguage Python and a new
desktop customization VB.NET add-In module. The tamgsation capability of the
ArcObjects (ESRI, 2015) software development kitegnated with .NET development
environment (Visual Studio Express for .NET 2008iqidsoft, 2015)), has been used in
developing the LSDM toolbar. Working with ArcObjecta library of Component Object
Model components which forms the base of the ArgGi8&hin a .NET development
environment, enables access to a series of Arc@il&iib tools such as data management,
visualisation and spatial algorithms. This hasvedld the development of the LSDM toolbar
relatively quickly. The Visual Studio.Net environmds used to implement the Graphical

User Interface (GUI) for facilitating and passirgeucommands.

The LSDM toolbar has six command buttons to condata mining and GIS tasks
entirely within the desktop GIS environment. Outlufse six buttons, four are developed to
automate the modelling methodology (Figure 4.1guFe 4.2 shows these main four button
components of the LSDM toolbar. This toolbar haabded a dramatic increase in the speed
and turnover of modelling outcomes. This alone gigsificantly enhanced examination of
the See5 modelling process. The toolbar itself uradergone iterative development during

each of the modelling rounds reported herein.
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INPUT DATA LAYERS
Landslide Data Mining Tool Bar

Landslide Inventory
Geology
Vegetation
DEM (z)
-Slope
-Slope Aspect
- Flow Accumulation
-Profile Curvature
-Plan Curvature
-Curvature
-Wetness Index
-Terrain

GIS based Data preparation
for the Data Mining Analysis

p EEEHIN

= collect information form
the input raster layers
corresponding to the
landslide and non-
landslide locations

- produce compact*.data
file

-produce *.name file to
describe data attributes

Data Mining Analysis

BPos

-661,342 training points
consist of equal number of
landslide and non-landslide
locations

-calling See5 software

- determining model
optimum parameters

-building symbolic decision
tree and deriving rule-sets

-Cross-validation

Landslide

Susceptibility model

;u@:.ﬁu 5

-applying rule-sets

to 309 million
pixels overthe
study area

-average of the
rule confidences
of the winning

class is mapped as

the landslide
susceptibility

P

Validation of Confidence-based Landslide Susceptibility Map

DGNSS field-based validation assessed in GIS

! e
: - e ! - 3 - : —
S D - § 3 =
s ]
Analysis of Spatial Statistics| s
of existing Landslides within ] .
each zone e = an

Moot e - i esarmont (13 o 30m coose

Landslide Susceptibility, % Siide Population and
% Study Area

Very Low 4 8T%, 8%

T A
[ wodeme 1504w, 5%

— ™

TTASN, 48%

Landslide Susceptibility Zoning

- analysing performance curves

- determining cut-off values for
the Landslide Susceptibility
classes

Figure4.1. Basic steps involved in the model development
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ot Data Mining (See5)

Data
DCOS\eolacotl 85 Landslide susceptibility(Map Alget |
“.out —
Classffier Congf D:":C-dS.“.tr)'Nry?l 1ol 8BS Training Dataset
[¥] \Whinnow g :
B Landslide Inventory g Plot
= e : d ot Plots
] Fulese Corfidence values of DMCOShcolac-otway_mgad4 shp
il snmt £ o
]| Landslide training r3| Study Area Cumulative plots

[C Substes ¢ | D:\COS'eporting\Flel | DACOS\landslide_ndras_cos_2012_pol
[] Cross-Vd Confidence raster

D DACOSitry Ty 7_1_curves_AllCumulativeDistrbution. bt
LELL Men-lanndslide area [FD :l‘.CD Stry T'.tryz_‘l _curves_l sCumu Iaﬁ‘JgDia_T.rbqu_n.txt
DACOS reporting\Min DA\COS\colac-otway,_maa5é.shp D CAMCOSiry Tty 7_1_curves_NLsCumulativeDistrbution bt
Output text file Output

DGO S reporting\Mir DACOSry Py 7_1.data

Model Optimisirg DEM
Input text file DACOSNCOS_NDGRS_2012 gdh'cos1

D:‘\.COS\reporting"-\Mi

| Add " Delets || Draw |

[+ ¥

[[] :COSWCOS_NDGRS_2012.gdbied
Samj T CNSIENS OGRS 3017 adhied [ —— FosElo___iFAR. 4 AnaC

Figure 4.2. LSDM Toolbar

4.3 Modelling methodology and the toolbar

Figure 4.3 presents th€raining Datasetform corresponding to the first tool
componentButton ) of the toolbar which allows the user to define thain inputs required
to complete the data extraction step. In‘tRhen-LS Ratio” text box, a user can define the
desirable proportion of the non-landslide pixelsttishould be included in the training
dataset. The landslide inventory is the most ingdrévidence based input data layer of this
model. The area identified as not effected by |hdes or the study area excluding the
known landslides can be demarcated as the nonHa®edsea. The DEM and its derivatives,
geology and vegetation in raster or grid formattage next primary inputs for building the

model, but any layers deemed appropriate can ki use

The*.namesfile shown in Figure 4.4 contains the informatmfithe properties of
the input layers. This file is created based onuber inputs, describing the attributes of the
corresponding data layers. For instance, the ndntleedtarget variable, the name and type
(set of nominal values if the attribute is a diser@ne or the wordontinuousto indicate the

attribute has numerical values) of the input lay&rsaddition to this basic information, the
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respective file locations of the input layers asoaecorded in order to bind them with the
variables of the rule-set. See5 gains informatidxelpby pixel from each data layer
corresponding to landslide and non-landslide trgjinpixels. This first tool component
(button) in the LSDM toolbar records pixel X, Y &on with the corresponding attribute
values from each of the input model layers. Allsth@xtracted values are written to a text
file as a single line per pixel of comma separataibables. The DEM raster layer and other
derivatives can be selected by the user to extedcvalues into a text file with the extension

of *.data (Figure 4.5) which is readable in the See5 softwar

gLl Training Dataset = |E] &%

Save | Load Non-LS Hatio: 1

Landslide Inventory
F:\Wallongong_14*flows*flow shp

Study Area
F:\Wallongong_14%pre SAVWCC_SA_14_3shp

MNon-lanndslide area

F:\Wollongongj £'flows non_flow shp
Output

F:\Wollongongj Dflows wng14_vZwngl4_fiVZ data
DEM

F:\Wollongong_14"data‘dem

[ Fhwallongeng_14\datatwi

[F] Finfollengeng_14'dataiterrain

[7] F:\wicllongeng_14'data\slope

[ F:\iwiollongeng_14\data\profcur

[] F:\wicllongong_14idataivegetation2

El F \olongong Jéicatalancur |
[ F\wicllongong_14\data\flowac

[ F\wiollongong_14'data\curve

[ F:\Wwicllongeng_14'\data\aspc

Defining attributes

| -
Atribute MName Categorical Values - o

 |londside  [landside | ]|
|wi | ]
toran B
| slope F =
IPFD{CUF | i

> 1 @ [1234567.89.1011.12,12.14.15.1¢

IPIancur | —|—_|_
| flowac [}
icur\re ﬁ I
| men- | =l | s

4| i | 3

X J

Figure 4.3. Preparing the training dataset
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Mj wngld flVZ.names - Notepad |£|E|—E—hl

File Edit Format View Help

lands1ide. »
landslide:0,1.

wi:continuous. |F:\Wollongong_14‘data‘wi

ter:1,2,3. |F:"wollongong_14%data‘\terrain

slp:continuous. |F:Wwollongong_14%data‘s]lope

prcur :continuous. |F:Ywollongong_l4'\data'\profcur

plcur:continuous. |F:Ywollongong_l4'\data'plancur

flwac:continuous. |F:%Wwollongong_14%data'\flowac

cur :continuous. |F:'wWollongong_14‘data'curve

asp:continuous. |F:wollongong_14%data‘aspc
veg:1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,
27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44 ,45,46,47,48,49,50,5
1,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68,60,70,71,72,72,74,75
,/6,77,78,79,80,81,82,83,84,85,86,87,88,89,90,91,92,93,94,95,96,97,98. |
F:“wollongong_14‘data‘vegetationz

Figure 4.4. *.names file

| RB_25m_l.data - Notepad = | B e

File Edit Format View Help

.08691923,1,288. 3999, -0. 5478418,1,-0. 1562198, 0. 389622,20.06558,11,14
.00895076,7,294.776,-0. 3920679,1,-0.4373661,-0.04529822,19.23154,10,14
.07160169,9,305. 7581, 0. 01600342,1,-0. 07889745 ,-0. 09490087 ,19.10705,5,14
.1705769,0,306.0491,0.04134277,1,0, 2005288, 0.1591861,19. 79256,8,14
.01343076,3,298.5923,-0.7039624,1,0. 2336967 ,0.9376591,23.25561,11,14
.1262334,13,299.5204,-1.986494,1,-1.171753,0. 8147411,19. 20876, 5,14
.01062002,0,304.0082,0. 7851514,1,0. 7850223 ,-0.0001291226,22.41512,11,14
.07603114,1,274.0146,1. 30582,1,1.156381,-0.1494391,20. 58378,11,14
.05896369,22,275.2195,-1.44219,1,-1.429807,0. 01228281 ,18. 87007 ,8,14
.01152389,0,2901.4583,1.665269,1,0.9802536,-0. 685115,10. 86295,11,14
.05622652,1,288.7264,-1.174744,1,-0.6115573,0. 5631863,20.71528,11,14
.1132211,4,298. 3881 ,-0. 6268359,1,-0.2059627,0.4208733,22. 39038,5,14
.009189453,10,291.7725,-1.936843,1,-1.14082,0.7960232,23. 39381,10,14
.4666857,1,303.774,0.04418945,1,-0.1682931,-0. 2124825,23.74043,5,14
.0112497,0,275.5652,2. 624534,1,2.025228,-0. 5993053,19. 62901,2,14
.007779369,17,268.4328,-2.353718,1,-1. 539206, 0. 8145127 ,19. 63668,10,14
.02947546,3,294, 9733, -0. 7008814 ,1,-0, 259957,0.4409243,21.19622,12,14
.1140367,0,291. 8829,0. 6890014 ,1,0.710031,0. 02102952,23, 35591, 8,14
.2753598,2,290.5706,0.6977026,1,0.2521423,-0. 4455603, 25. 3387 ,11,14
.01145759,6,293.02,-0.9165674,1,-0.4977001,0.4188673,24.4719,8,14
.02893669,0,278.9422,0.2588916,1,0.6959792,0.4370876,21. 53009,8,14
.04157949,1,268.9673,0. 2184155,1,0.02095233,-0.1974632,22.63947,10,14
.3758816,3,71.13512,-1.343472,1,-0.418672,0. 9247996,25. 79889, 5,14
.167931,9,76. 90613, -1.400874,1,-0.4559388,0. 9449352 ,14,97291,8,14
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Figure 4.5. *.data file

The second component (Figure 4.6) of the tool dle5 (a standalone license for
the low cost Data Mining software See5 must beallest on the host workstation) to
develop a decision tree and then a rule-set (Figurg from the input training dataset
developed in the previous step. The rule-set ieedtas &.out file. The input files required
to determine the optimum model parameters (disdussethe next chapters) are also
prepared at this stage. This component developsnaber of decision trees. Each tree

corresponds to different tree pruning parametethinvihe user defined input values. The
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tool records training, test and 5-fold cross valata errors of the respective decision tree
models in order to analyse the behaviour of theclaésification errors and determine the

optimum model parameters, as discussed in theAmipchapters.

F — - -
s Data Mining (See5) 8 ‘ . b = S
Data
F:‘~.Wnllongu:ung_1a‘-'l‘ﬂnws'\.wng14_v2"-.wng‘|-i_ﬂ\:"2.da1a Open
Classifier Construction Cptions
Advanced options
[] Winnow atiribute
| 7] Ruleseis [ Fuzzy threshelds
7 Boost Trisls [ Global pruning
| [ Substes of Values Pruning CF %
[] Cross-Validate folds Mrisat G I
Run C5 |l
Madel Optimising
I [] Wiith Cross-Validation
Sample ap r
|
Step 1
Pruning confidence From 1 Ta. |1
Cases From 1 To 25000

‘ Locate SeebX

Figure 4.6. Calling See5

As the prediction outcomes of See5 are categoiicalature, producing graded
numerical outcomes of susceptibility was an initlhallenge. This issue however, has been
overcome by using the Laplace ratio (describedvidetf the rule predicted class to derive
the landslide confidence value as a continuous uea®nt of the landslide susceptibility.
An example of a rule-set generated from a decisiea is shown in Figure 4.7. Each rule
starts with an attribute condition, presents a getim one tree node to another and the
predicted class represents the terminal node @af Each rule depicts the relationship

between the landslide causative factors and thdslal® occurrence extracted from the tree
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structure. The confidence of the prediction masleevaluated and validated using the
Laplace ratio if-m+1)/(n+2) wheren is the number of training cases that a specifie ru
covers andnm, is the number of wrongly classified cases. Initial a measure of the gain

potential, or lift, of each rule is also assesselich is the ratio of each rule’s confidence

value and the relative frequency of the predictadscin the training data

B Results for RE_25m 3 - By Resulss for RE_25m ST
] File Edit
File Edit
Seeb [Release 2.08 Hon Oct 12 22:05:29 2015
Options:
Sech [Release 2.08 Mon Oct 12 22:04:28 2015 Ruls-based classifisrs

Fruning confidence level 1%
Test requires 2 branches with »>= 500 cases

Options:
Pruning confidence level 1% Class specified by attribute " landslide’
Test requires 2 branches with »= 500 cases Read 45790 cases (11 attributss) from RE 25m 3. data

Class specified by attribute " land=lide’' Rules:

. Rule 1: (16959908, lift 1.9)
Read 45790 case=s (11 attributes) from RB 25m_3 . data Curvature » —0 5770727
Slope <= 10.7757
Decision tres: —> class 0 [0.346]

Rule 2: (18364-1299, lift 1.9)

Slope <= 10.7757%: giGWA552m§éa;;§g <= 129
. Curvaturs > —0.5770727: 0 (16959308 S et {0 9297
Curvature <= -0.5770727:
. Flowkiccumulation <= 129: 0 (1753-417) Fule 3: é13332;$ﬁz}éti;£t<i-g)

: Flowiccunulation » 129: 1 (718-311) Slope <= 11 91575

Slope » 10.7757: —> class 0 [0.922]

o . Floviccunulation > 3: 1 (9869-1009) Rule 4: (157642127, 1ift 1.7)
Flovhcocunulation ¢= 3: Flowhocumulation <= 3
:...Slope » 16.45706: 1 (9120-1053) Slope <= 13.45027

Slope <= 16.45706: —» =lass 0 [0.885]
:...5lope » 13.45027: 1 (3995-1297) Rule 5: (24188-4121. lift 1.7)
Slope <= 13.45027: Slops » 11.91575
©...Slope <= 11.91575: 0 (1350/482) -» elass 1 [0.830]
Slops » 11.91575: 1 (2026-970) Rule 6: (26360-5197. lift 1.6)
Slope » 107757
—» class 1 [0.803]
Evaluation on training data (45790 cases): Rule 7: (10657-2622, lift 1.5}

Curvature <= —0 5770727
s —» class 1 [0.754]
Decision Tree

———————————————— Default class: O

Size Errors
Evaluation on training dats (45790 cases):

B R447(14.1%) <<

(a) (b) ¢<—classified as

18255 4640 (a): clas=s 0

7 644714 .1%) <<

1607 210688  (b): class 1 (s} (b))  <-classified as
18255 4640 (a): cla=s=s 0
1a07 21088 (b): class 1

Attribute usage:

. Attribute usage
100% Slope
£3% Flowlhccunulation gox Sleme
; :  Curvature
42%  Curvature 17% Flowhccunulation

Time: 0.5 secs
Time: 0.5 =secs

(a) (b)
Figure 4.7. A simple rule-set (b) derived from aidi®n tree (a)

When multiple rules respond in order to classifgixel, an averaged confidence
value of the rules that apply following the logikpéined below, is calculated. The value of
a rule confidence always ranges from 0 to 1. Hilaites of a pixel satisfy the conditions of
landslide and non-landslide rules, the averagedutative confidence for each class is

calculated separately. The class which holds thedsit averaged confidence is taken as the

100



Landslide susceptibility data mining Add-In toat ArcGIS v.10 Chapter ¢

winning class. If this highest confidence is fore tmon-landslide class, the averaged
cumulative confidence is multiplied by -1, produgia range of values across the entire grid

ranging from -1 to 1, to represent the landslidgceptibility.

For example, Table 4.1 contains details of thesrdtet have been fired for a
particular pixelx,y. The total number of rules that are relevant fas pixel is 5, therefore
the cumulative values of confidence for each clastivided by 5. Since 0.394 (Class 1) >
0.25 (Class 0), the result for this pixel is clasgonfidence 0.394. This process is repeated

for all pixels determining which class and confidewalue.

Table 4.1. Class 1 and Class 0 rules and confidefiocgixel X,y

Class 1 Confidence Class 0 Confidence
Rule 2 0.8 Rule 23 0.85
Rule 7 0.63 Rule 32 0.4
Rule 9 0.54
Total confidence 1.97 Total confidence 1.25
Average of 5 Class 1 0.394 Class 0 0.25
rules

e If prediction class is 1 then ‘susceptibility’ =1+0 x confidence
» If prediction class is 0 then ‘susceptibility’ 40 x confidence

* Hence continuum developed between -1 and +1

The third component of the LSDM toolbar (Figure)4s8used to re-map the Seeb5
rules into GIS map algebra functions. These funetiapply the logic of the rules using the
input data layers so that the modelled outcome exall the See5 rule based predictions
into a new floating point ESRI grid. This grid repents the landslide susceptibility with a
numerical value assigned to each cell locationoAthis component produces the source
files to draw Receiver Operating Characteristic (3@urves and success rate curves to
assess the performance of the susceptibility madtél respect to the landslide inventory

distribution.

The fourth and final component can be used to lismahe ROC curves and

success rate curves (Figure 4.9). Furthermore, fdasure facilitates the assessment of
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susceptibility class boundaries (user defines thaber of classes). These can be obtained
by entering the percentage distribution of the $ideé inventory being included in a
particular class and based on these parameterkgsaified map layer of the landslide

susceptibility map is produced.

s Landslide susceptibility(Map ,&%' . -~ ‘E@&]

-

.out

F\Walongong_14'flows'wng14_vZwng14_fiv2 out Open | 1F
[ ok |
Confidence values of training points l
bl Landslide training raster
F:\Wollongong_ 14 flows"wng 14 _flw\/ 1 training_raster’training_ras Open |
! Confidence raster
F:"\Wnllu:ungnng_'lﬁ'\ﬂuws"\wng'ld_vfm'ng'lﬂ._ﬂ‘.-.-"E_temp_lasters;?mEE'[i-‘-ﬁus_sus Open |
Olutput text file i
F:"Wollongong_14"flows wng 14_vZwcurves_fiwy2m300wng 14_flwy2m 300 td I Save |

[nput text file l g | I

l

_— = — —

Figure 4.8. Remapping See5 rules in map algebietiturs and produces the grid

4.4 Summary and conclusions

The LSDM toolbar developed by the author has beecessfully trialled in four
separate case studies. Of these, each had margngeasd iterations on very large grids up
to 309 million pixels. It is worth noting that dag 2013 to 2015, the toolbar was able to
process 10 — 11 layers of around 309 million pixéthin few days. It has been proven to be
a powerful tool in providing resilient, quantifigbland repeatable landslide susceptibility
models. Some of the case studies discussed inotlwaving chapters involve 10mx10m
pixels covering around 30,000kniThe customisation capabilities available with GI8
have enabled the automation of the GIS data préparéor data mining, the actual data

mining, calling the See5 software from within Ar&Sand converting the final outcome into
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an ArcGIS grid. The LSDM toolbar rigorously clags# this grid into susceptibility classes
that can be user defined, but should follow thesrintof Table 4 in the AGS (2007)

guidelines.

r = F v
TS L B e NEE
- = i
Cumulative plots ROC
|_ | F \a'ollongor'.g 14\slidestwng14_ VZ‘.curve.-, _ving_ sIVZ - med0wng 14 sld V2 ) AllCu [C] Fiwiellengong_14'\flowstwng14_v2icurves_flw\2m300Wwng14_flw/2m300,
4| 1 | ¥ (Al i b
Add | Delete | Draw 2dd_|| Delete | Draw
! Remove | Confidence/FPR: (0.885702321598373 Raster: F\Wollongong_14\slides\wrig14_vZwng14_y
Graphs
ide % Add
l Distrbution Curves sl I—| |
100 _ Confidence .8
9 4 L = - &
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= 'y |
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Figure 4.9. Performance curves and susceptibititirg

This toolbar development has been very successfshving time and providing a
user friendly interface with a built-in grid clafésation tools to produce an accurate and
transparent outcome, essentially free from subjeaikpert user judgments. This step, in its
own right is considered to be a major enhancemetttis field of science and engineering.
This capability sets this data mining applicatigrar, and significantly ahead of all other
landslide susceptibility modelling techniques aafalé worldwide at present time.

Development of this toolbar has been a major gbtilis research project.

The integration of See5 and GIS techniques enahb¢eslising of the final rule
based modelling outcome and efficient assessmettieofaccuracy both qualitatively and

quantitatively. The alternative to date has behighly time consuming and tedious series of
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manual processes. Given a landslide inventory atevant data layers, months of work is
now reduced potentially to a few minutes or hodrsimple processing time depending on
the size of the study area and the available datdsés anticipated that this LSDM toolbar
will be made available at no cost for research psep from our University of Wollongong
Landslide Research Team (LRT) website. When fiedlisaccess should be available at

http://eis.uow.edu.au/cme/landslide-research/irfdet.
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CHAPTER 5: CONSIDERATION OF OPTIMAL PIXEL RESOLUTION IN
DERIVING LANDSLIDE SUSCEPTIBILITY

5.1 Introduction

The use of Geographic Information Systems (Gl@nigssential tool for landslide
zoning programmes as the results can be appliedthjirfor land use planning which is in
itself carried out within a GIS environment (Fall, al., 2008a). The use of GIS also has
numerous other benefits such as the datasets adilyraipdatable as and when new
information becomes available (for example, aftaresme weather events, new ALS data
flown, new Geology datasets become available). hWia GIS system, pixel resolution
(pixel size, grid resolution, grid size) is the ioasnit of spatial modelling, especially in
landslide susceptibility modelling (Ayalew, et aRP05; Den Eeckhaut, et al., 2010;

Marjanovi, et al., 2011).

Since the study area is comparatively large (30Ja@f), conducting modelling
work at a higher resolution would be unnecessaniye consuming and requires higher
computer processing power. However, at presentpaten capability, RAM, disk storage
and data processing capacity are no longer thdaliions they have been. Conducting
modelling work at a coarser pixel resolution woaldploy data sets with lower resolution
terrain features and therefore produce a low gualitput which may not meet the objective
of a given study satisfactorily. However, the gigstremains, what is the optimal pixel

resolution?

The scale of the resulting landslide susceptibifitgp (small, medium or large)
must be selected accordingly to display the infdionarequired to serve the purpose of the
mapping and its intended application (AGS, 2007|, et al., 2008a). Large scale maps
could be derived from models developed at highsoltions (Stein et al., 2001), provided
that the chosen grid resolution suits the inhepeaperties of the model input data (Hengl,
2006). Therefore, the scale at which the modelliwilj be undertaken and at which the

zoning is presented must be governed by the reésolahd/or scale of the input data sets.
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In recent years, the field mapping has been aidgd the use of a Trimble
GeoExplorer 6000 XT GNSS device with a positionuaacy of less than 1m. With this
ongoing landslide work, the landslide inventory lsapstantially grown in capacity every
year since 1993. Furthermore, high density Airbdraser Scan (ALS) data and large scale
geology datasets have been compiled to aid the limapeork at higher pixel resolutions. It
is important to investigate whether conducting thisdelling work at the highest resolution
that the data makes possible, would maximise theemgerformance. The main aim of this
chapter is to discuss the optimum pixel resolutidmch would lead to a decision tree model

with the highest landslide prediction accuracy.

The variation of the model accuracy with the pisedolution has been discussed
by comparing the ratios, developed by dividing sgaare root of the mean landslide area of
the inventory by the square of the pixel resolutiPalamakumbure et al., 2015). This new
ratio proposed in this chapter is referred to as dielta §) ratio. It is expected that
identifying an optimum value for this ratio corresging to the model with the highest
performance, would help to derive the optimum legéldata presentation and model
performance for a given landslide inventory withie Sydney Basin. This ratio helps to
compare how well the models at different pixel fesons represent the terrain, landslide
processes and geometric characteristics of theslidedinventory. This$ ratio may in time
readily help compare the rigour of models fromefiéint areas nationally and internationally.
While there may be an optimum value, there wilcofirse, no right or wrong value. This
parameter can be referred to as a simple way a@frtiag the rigour and or the level of the
available data used in any modelling work as iios simple with GIS capability to make

ordinary modelling work look outstanding.

5.2  Data sets for resolution analysis

In this trial analysis, the landslide susceptipibf a small area (94 Knhwithin the
Sydney Basin where the landslide inventory is fulveloped was assessed at different

pixel resolutions. The location of this study acaanot be divulged due to confidentiality
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reasons. The landslides within this trial area wetacted from the landslide inventory of
the Sydney Basin. The trail area consists of 7fddbdes and the statistics of the areas of
the inventory are summarised below (Table 5.1). Témults show that area of 5% the
landslides are less than 950narea of 50% of the landslides are more thanSpé5and the
area of 25% of the landslides are more than 1385 igure 5.1). The average area of the

landslides is 23,204

Table 5.1. Statistics of the landslide areas

Number of landslides 777
Sum 18,029,735.4m
Minimum 250 M
Maximum 1,107,074.7 M
Range 1,106,824.7°m
Average 23,204.3 M
Standard deviation 74,772.8m
100
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Figure 5.1. Distribution of landslide areas
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An Airborne Laser Scan (ALS) elevation point clooid8,837,551 points with a
mean distance of 3.25m between two points has bset to prepare the Digital Elevation
Model (DEM). The DEM derived datasets that havenbeged in this modelling work as
landslide causative factors attope, Aspect, Terrain, Curvature, Profile CurvatuPlan
Curvature, Flow Accumulatioand Wetness IndexX/egetationwas another raster data set
that has been used. Large sdaknlogy(1:10,000), was the major GIS based vector dataset
that has been used as a landslide causative fadiois study. The&eologyvector layer for

this trial area consists of three major geologimaindaries within the Wianamatta Group.

5.3 Data extraction for resolution analysis

A pixel is the smallest area at which the attribdéga is extracted and several
authors have analysed the effect of pixel resatuba their model outcome (Lee, et al.,
2004; Paulin, et al., 2010). According to the rybessented by Hengl (2006), considering
only the cartographic characteristics of the laiddsinventory, the grid sizes less than 15m
are suitable as they could present more than 95¥edandslide areas (cut-off area - 95Pm
with four or more pixels. Furthermore, considerithg mean distance between two ALS
elevation points (3.25m) that has been used inttlak grid sizes less than or equal to 2m
adequately present the source data hence arelsuitatronstructing the DEM. Therefore,
to assess how well a data mining decision tree mdeleved from all these data layers
respond to the variation of pixel size, the modellivork has been carried out at 2m, 5m,
10m, 15m, 20m, 25m, 30m and 40m pixel resolutiamsttie selected trial area within the
Sydney Basin. The ALS source elevation data wasrpotated to create digital elevation
models at each resolution and the DEM derivatieSlope, Profile Curvature, Wetness
Index, Plan Curvature, Curvature, Aspect, TerramdFlow AccumulationAlso, the vector
based dataset§eologyand the landslide inventory, have been convedeaptitl based raster

datasets for each pixel resolution.

The ArcGIS LSDM toolbar (Chapter 4) has been usedughout the process of

extracting attributes of the GIS data layers, oglibee5, applying decision tree based rules
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over the study area and classifying the final spisiaiéity map. To train the decision tree
model for each resolution, all the landslide pixetre selected and an equal number of non-
landslide pixels were randomly selected in ordebaétance the numerical output of the
decision tree model (Flentje, et al., 2011). Tlaning dataset consists of attribute values of
the landslide causative factors and the targetsdEmndslide - 1 or a non-landslide - 0)
recorded as separate training cases for each i@@dahd selected non-landslide pixel

locations.

5.4 Decision tree model optimisation

The ability of a decision tree to make predictiomsunseen test cases depends on
its size and complexity (discussed in detail in literature review, Chapter 2). A tree with
many nodes and a greater depth compared to therdmburaining data, tends to fit the
training data perfectly and has a very low trainergor (percentage of the training cases
misclassified). However, such models are weak,rittldy in discovering knowledge, thus
fail to predict unseen test cases accurately piodugigh test errors. When the tree size
increases, after a particular point, test errortstéo rise rapidly while training error
decreases due to model over-fitting (Rokach anaiidia, 2008). It is crucial to achieve a
balance avoiding extreme model over-fitting or uritting by identifying the point of
divergence of test and training errors (the optinmadel size), to ensure the most consistent

generalised model and prediction accuracies.

Generally the decision tree size can be contrdigadmploying various pruning
methods. The fundamental methods of tree pruniegatting back a fully grown tree which
over-fits the datgpost-pruningor by limiting the tree growth by introducing cart stopping
criteria orpre-pruning (Quinlan, 2013). The See5 algorithm controls egning by two
parameters namely, the pruning confidenC€,(a post pruning method) and the threshold
number of minimum caseMj that must be maintained at a terminal (leaf) n¢alere-
pruning method). Heré&F is used to compute the pessimistic upper bourtdeoérror rate

at a node before and after pruning its sub-treg lottom-up fashion. If the error rate after
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removing a sub-tree is less than that of the puegut tree, the node is replaced with a leaf.
Else, the tree is left unpruned (Maimon and Rok&d05). The other is a pre-pruning

method which stops splitting when the number oksad a node that follows at least two of
the branches is less than the defiMeglalue. Tree depth increases with decreasinglues

as higherM values terminate the tree development early befftoreemorises individual

training cases at greater depths (Quinlan, 2013).

Training and test errors have been used to me#seigerformance and prediction
accuracy of the models. Thefold, also known as the-way, cross validation was used as
another measurement of prediction error, and thia imore comprehensive and reliable
measure than the test error. This method dividegrtining data into several groupg {(n
each ofn repetitions (folds) having nearly the same nundferases and class distribution,
and in each fold, one group is held out and usedrsgely to test the classifier constructed
from the remaining four groups. In this study, ffeéd or five-way (=5) cross validation
has been used. The five-way cross validation asr@alculated as the average of the test

errors of all five classifiers.

5.5 Optimum pruning parameter estimation

A number of decision trees were constructed coomding to different modelling
parameters for each pixel resolution. The prunioigfidence CF) was kept constant at 1%
to keep the complexity of the decision tree moded eninimum level while the value &4
was altered and set to various values from 1 t6QIb,Values oM higher than 15,000 were
not considered as they could, in this data appiinaead to model under-fitting. For each
pixel resolution, 80% of the training data was usetlain the models while the remaining
20% was used to test the models. Furthermore, ribgs cvalidation procedure has been
repeated for five different random partitions o€ ttraining cases (80% of the data for
training and remaining 20% for testing in each tiép@) and the average error rate of the

individual cross-validations was calculated.
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Variation of training error, test error and fivexy cross validation error
(Misclassification Error) were plotted against tredues ofM (Minimum Observations per
Terminal node) to identify the optimum model sizeférred to as MEMO curves hereafter)
for each pixel resolution. Thé values on the x-axis are plotted in the descendidgr to
represent the increasing depth of the decision ffée point at which the test error and
training error curves exhibit a growing or an acaolative trend away from each other, is
expected to be the optimal point of balance forrtimalel size in order avoid over training.
This is often seen astede-offor compromise between the generalisation and algation
of the learnt model. Furthermore, the behaviouhef5-fold cross validation error curve was
observed with the training and test error curvearagher factor for the selection of the point
of balance. The separation of training, test ameag-errors from each other is expected to
be at a minimum level to ensure all three errors iar agreement which enables the
corresponding model to produce a more generalisédome. Hence, along with the
divergence of the test and training error curvesjation of training, test and 5-way error
curves from each other (error deviation) was alsesitlered when selecting the optimum

model size (Palamakumbure, et al., 2015).

The test and training error curves at 2m resalufiigure 5.2) begin to diverge at 17.2%,
M=6400 and at this point, all three error valuessamglarly close. At 5m resolution (Figure
5.3), the training and test error curves beginiterde atM=800 but at this point the 5-way
error is greater than the other two errors. After training and test curves start to diverge,
M=500 is the only point where the error deviationmsimum. ThereforeM=500 was
selected as the optimum model size at 5m resoluéib@Om resolution (Figure 5.4) the test,
training and 5-way error curves coexist uMildecreases to 200. The three misclassification
errors reach 10.2% at thM value, before beginning to manifest a significéatk of
generality in the models.

The error curves at 15m (Figure 5.5) and 25m irtdiegasmall and discontinued

divergence at the beginning which is almost indigat.
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Furthermore, as the values bf decreases further, the curves start to behave
harmoniously until they converge. The minimum d&weiaof errors is obtained at this point
of convergence and the correspondihgyalues are 300 for 15m and 1000 for 20m (Figure
5.6). From this point onwards (further decreasMy the curve trends are significantly
dissimilar compared to the higher valuesMf Therefore, this point of convergence was
selected as the optimum model size for each pesslution. At 25m (Figure 5.7) and 30m,
the test and training error curves remain offsdtfbllow each other until they converge.
However, the gap is insignificant at 25m compared@m and the minimum error deviation

at 30m is greater than that of the higher resatstio

At 25m, the least error deviation is observedIatL600 and for further reduction
in M, the curves increasingly diverge. At the 30m nesoh (Figure 5.8), froniM=600 to
M=100, the gap between the test and training etnwes is smaller than that of the rest and
from M=100 onwards, the training and test error curvegemsingly diverge further.
However,M=600 is the last point where the error deviatiomisimal and represents a more
general, less specific model outcome. Therefoke] 600 andVi=600 were selected as the
optimal model sizes for 25m and 30m resolutionpeetvely. For the pixel resolution of
40m (Figure 5.9), the pattern between the testi@ioing error curves is almost parallel and
identifying a point where curves start diverginglificult. Therefore, the modelling work at

40m resolution has been discontinued.

When the pixel resolution decreases from 2m to 1ins observed that thisl
value at the equilibrium point also decreases fro#00 to 200. However, when the
resolution decreases further from 10m to 25m,Mhealue increases from 200 to 1600 and

suddenly drops to 600 for 30m resolution.

As theM (threshold minimum cases) values increases, #eedafithe tree decreases
and the individual tree structure constructed athdd value depicts different feature

combinations.
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It is considered that the rule-set correspondinthéooptimum decision tree model
depicts the most appropriate (trade-off comprorbisiveen over-fitting and under-fitting)
feature combination (relationship between landshdeurrence and contributing factors).
These rule-sets were used to build the landslideeqtibility maps for each pixel resolution

and results are discussed in the next section.

5.6 Optimum decision tree construction

All of the pruned decision trees at 2m, 5m, 10mm120m, 25m and 30m were
induced using the full training dataset and at obeained optimum model sizes in the
previous section. Table 5.2 summarises the pergentd training data that has been
classified using individual landslide causativetéa@t each pixel resolution. For example, at
2m pixel resolutionWetness Indegontributed to predict the landslide class of 5@Pthe

training data.

Table 5.2. Attribute usage at different pixel resioins

The percentage of training cases classified usingé attribute (%)

Attribute 2m 5m 10m 15m 20m 25m 30n
Slope 100% 100% 100% 100%  100p6 10Q%  10D%
Profile Curvature 58% 63% 15% 0% 09 0% 0%
Wetness Index 52% 61% 59% 199 19% 0% 20%
Plan Curvature 58% 61% 44% 409 9% 0% 23%
Geology 53% 47% 45% 33% 0% 0% 09
Curvature 39% 15% 0% 0% 0% 0% 09
Aspect 6% 40% 32% 0% 0% 0% 0%
Flow Accumulation 8% 36% 37% 52% 0% 52% 41%
Vegetation 35% 0% 0% 0% 0% 0% 09
Terrain 2% 0% 0% 0% 0% 0% 0%
Number of rules 57 64 41 13 4 4 5
optmum oF Tt | 6400 500 200 | 300| 100Q 1,600 60p
Training cases 7,154,4941,144,918| 286,202| 127,390( 71,572| 45,790| 31,900

The training datasets used to develop decisiors tfi@meeach pixel resolution have
their differences attributed to the variation ofl ize and the different number of training

points. Thus, the decision trees constructed #&trdifit pixel resolutions do not share the
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same tree structure or the same combinations aft ifgatures in rules. A decision tree
structure for each resolution has been deducedaiayathat it would best interpret the data
patterns unique to each dataset. In sumnglopehas classified nearly 100% of the training
cases, at all pixel resolutions al¢etness Index, Plan Curvatuemd Fow Accumulation

have appeared in six out of seven rule-sets.

5.7 Assessing and comparing the model performances

A landslide susceptibility map of the trial areasH#een prepared for each pixel
resolution using the optimized rule-based modeé parformance of the models at different
pixel resolutions has been compared using Rec@perating Characteristic (ROC) curves.
Along with the Area Under Curve (AUC) values, theefway cross validation accuracy (1 —
test error) corresponding to the optimum model ,siz&s been plotted for each pixel
resolution. The highest area under curve (94%)uf€igc.10) and the highest prediction
accuracy (90%) (Figure 5.11) were obtained atlfira resolution. The area under curve at
2m is 89% and this value rises gradually untile&ches the maximum at 10m and drops
suddenly to 88% at 15m. The AUC values of 15m, 2R&m and 30m models are largely
similar. The variation of 5-way cross validatioocaracy has a similar pattern to that of
AUC values (Figure 5.11). Starting from the loweatue of 83% at 2m, the 5-way cross
validation accuracy reaches the maximum of 90%0at before it drops to 84% at 15m.
Subsequently, this value slightly increases to 8%20m and the 5-way accuracies for pixel
sizes greater than 20m are almost similar. Furtbezthe standard errors of the five cross
validations for each pixel resolution are 0% (21% (5m), 0.1% (10m), 0.1% (15m),

0.3% (20m), 0.1% (25%) and 0.2% (30m).

5.8 Additional performance metrics

There are several traditional metrics that havenbéermulated, such as
sensitivity/specificity, precision/recall, or thembinedF1 score or, indeed the area under

the receiver operator curves (AUC). All these mdthattempt to provide insights into the
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classifiers overall performance regarding its vasidrade-offs, such as those between its

true-positive, true-negative, false-positive oséahegative predictions.
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Generally, however, there is no universally acakpdiest measure for this, as

illustrated by results in Table 5.3 and Figure 5.12

Table 5.3. Classifier metric percentages for optmrasolution specific decision tree models

Resolution True False False True Precision Recall Specificit F1 AUC S-way
Positives | Positives | Negatives| Negatives (Sensitivity) P Y | score accuracy
2m 0.81 0.19 0.14 0.86 0.81 0.87 0.79 0.8¢ 0.9 30.8
5m 0.85 0.15 0.12 0.88 0.85 0.89 0.84 0.8 0p2 60.8
10m 0.89 0.11 0.09 0.91 0.89 0.92 0.89 0.9p 0.p4 90 0.
15m 0.81 0.19 0.12 0.88 0.81 0.89 0.80 0.8b 0.88 84 0.
20m 0.85 0.15 0.13 0.87 0.85 0.88 0.85 0.8p 0.88 86 0.
25m 0.83 0.17 0.11 0.89 0.83 0.90 0.82 0.8p 0.87 86 0.
30m 0.85 0.15 0.14 0.86 0.85 0.86 0.85 0.8p 0.88 85 0.
0.96 —
+—4—F Precision
J——— Recall/Sensitivity
7 ¥——— Specificity
&—&— F1 score
o—e—0 ROC
0.92 — 8—8—8 5-way cross validation
0.88 —
0.84 —
0.8 —

[

2m

I l
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Figure 5.12Performance analysis for optimum resolution speciécision tree models

20m 25m 30m

The cross validation results provided by the conemérdata mining algorithm,

Seeb, is equally, and potentially a more informeatwnd conservatively robust measurement

in this study. The domain reported on herein dedtls geo-hazards where false-negatives

are least desirable due to significant attendaksrihat are likely to be associated. Further,

as the total area of the landslides is signifigaathaller than the study area; the number of
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landslide versus non-landslides points have beepogely re-balanced in order to avoid the
landslide training points being simply treated asaddistortions or background noise. The
sensitivity analysis for the optimum (cut-off) vakiusing precision and recall measurements
alone, however provided an ambiguous interpretadiwh did not add to or detract from the
existing results. Consequently, it was found thaiss validation measurements generally
provided a more reliable indication of performacenpared to precision and recall, or the
other possible measurements, by in turn providiogentonsistent trends with respect to the

optimised pruning parameters.

5.9 Which pixel resolution is most favourable?

The delta §) ratio parameter has been developed by takingdtie of the square
root of a representative landslide aréa@f the inventory and the area of a pixel wherns

the pixel size.

§ =A/P? (1)

This was taken as a measure which compares thealefrencompassment of a
landslide boundary by pixels. The smoothly varylagdslide boundary in vector format
becomes irregular when approximated by pixels. Atengpt was made to develop a
measurement of the change in shape of the landskith respect to the pixel size and it has

been approximated by the above ratio (Equation 1).

The value ob,,4was calculated based on the landslide inventogyeme landslide
area of 23,204mfor each model pixel resolution. As an interestamnparison, the area
(Am) corresponding to the minimum observations pemitesl node(M) of the selected
model sizes was also calculated (Table 5.4). It olaserved that at 2m and 10m pixel
resolutions, the total area of the minimum numifetases (pixels) being classified at each
terminal node is 25,600nand 20,000/ respectively. This value is similar to the average

area of the inventory (23,204)n
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Table 5.4. Comparison of calculat®galues

P (m) P (m’) Bavg (M) Ay (M) AUC %
2 4 38.08 25,60( 88.7
5 25 6.09 12,50( 91.7
10 100 1.52 20,000 93.9
15 225 0.68 67,500 87.7
20 400 0.38 400,000 87.8
25 625 0.24 1,000,00p 87.2
30 900 0.17 540,000 88.2

P — Pixel size ; 8apg = \[Aavg/P% Aavg = 23,204m?; Ay, = M x P?

In summary, the decision tree at 10m has the higires under ROC curve and at
this resolution, the value @f computed using the average landslide area ofntventory is
approximately 1.5 Thed = 1.5m" is considered an optimum value for the Sydney Basi
work. Furthermore, it is proposed herein that thealue in this type of susceptibility

modelling work should aim to be around 1.5.

5.10 Summary and conclusions

During the Data Mining modelling, the See5 learnahgorithm extracted the most
useful rules or structured patterns by maximisihg information gain at each pixel
resolution. Different informative patterns were ragted based on the characteristics of
different datasets. Thus, the relationship betwéles input variables and landslide
occurrence derived from the tree structures arquenio each data set used. This enables
decision tree models to approximate the relatignbbtween landslide occurrence and input

variables comprehensively and more accuratelyitdlsiindividual modelling scenario.

Performance evaluations of the models at diffepxel resolutions indicate that
the model constructed at 10m is the best performmadel. The accuracy of the decision tree
constructed at 10m resolution is the highest wisesezuracies of the models at finer and
coarser pixel sizes are less. It implies that mftion extracted from the DEM derivatives
and Geologylayers at 10m was more useful for the decisior tredel in learning and

making predictions on unseen test cases than aitliee resolutions. The pixel sizes equal

122



Consideration of optimal pixel resolution in dengilandslide susceptibility Chapter|5

or less than 2m are recommended for the DEM basetie properties of the source ALS
data and pixel sizes less than 15m represent thaslides adequately. However, the
extracted data at 10m resolution was successfoaking predictions because it was the
most effective cell size to represent the landspidecesses governed by the characteristic
terrain morphology of the study area. The landslaentory has been sufficiently presented
at 10m cartographically and the terrain variatippraximated at the same resolution had the

most effective information to model the landslidegesses.

There are certain limitations in measuring the tmaeuracy of model predictions
when major portions of the available data is useddnstruct models leaving a sparse
amount of data for testing. The five-fold crossidation overcomes the limitations of data
availability to a greater extent and being used awther measurement of the
misclassification error, it aids selection of tlggigibrium point of the MEMO curves and the
corresponding pruning parameters for the decisiem turthermore, observing how MEMO
curves demonstrate the equilibrium between predjctraining and test cases, we can
develop an understanding of how well the models ldv@erform when predicting new
unseen test cases and based on this, the prunimgers can be selected. The trend pattern
or the behaviour exhibited by MEMO curves at piredolutions of 2m up to 25m is very
similar as they converge to a point where all tleeers, namely test error, training error and
5-way error, are largely equal. When considering lérger pixel resolutions of 30m and
40m, the behaviour of the resultant MEMO curvedifiicult to describe. The model at 40m
did not achieve a desired point of balance. Thiglies that pixel sizes greater than 25m are
less desirable in developing decision tree modetsldndslide susceptibility assessments
compared to smaller pixel sizes with the datase&slun this research. Furthermore, the
accuracy of the models at lower pixel resolutigbw because neither the terrain variation

nor the landslide process is adequately capturgtdepEMs at these resolutions.

The ratiod (square root of the average landslide area divijethe square of the

pixel size) has been proposed to compare the nioglelgour. The value oé for the trial
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study area discussed herein is approximately equalsm'. This value represents the best
performing model at 10m. The area correspondintpéominimum number of cases at the
terminal nodeN1) at 2m and 10m (the best performing model) islgsintdo the mean area of
the landslide inventory as shown in Table 5.4. Tihiplies that at these resolutions, the
minimum area required to extract data to identifgttgrns and make predictions is
marginally similar to the mean landslide area @f ittventory. When accurate and sufficient
information is available on the landslide inventohis ratio 6 facilitates a better
understanding about the pixel resolution that feshkemployed versus the average landslide
area within the inventory.

The é parameter ratio was developed in an attempt toigeoa simple means by
which the level of rigour and or data availability susceptibility and hazard zoning works
reported internationally can be assessed. In opergnces, the closer this parameter is to
unity, the better. With increasing pixel sizes, tenominator increases quickly, and the
value decreases for the same mean square roo¢ ¢driislide area. However, as the mean
square root of the landslide area changes, the ggtiic representation of the terrain by
pixel size can also change. As an example areds laige average landslide areas, say
mountainous regions with average landslide areasagf 100,000 f say a value of
approximately 300 mean square root of the landsliga, modelled with 20hpixels (400
square metres) would indicatéd aalue of 0.79 indicating potentially good outcomiéshis
same area was modelled using 5@mnxels (2500 square metres) aalue of 0.13 would be
indicated suggesting potentially poorer outcomeghat at least some further work aiming
for higher resolution would be required for prodooct of useable zoning outcomes.
Conversely, if the same area was modelled with*1pixels (100 square metres) would
indicate a¢ value of +3 indicating potentially good outcomes,possibly an excessively
high level of resolution (if indeed this would ewaacur!). There is no right or wrong answer
of course for this parameter, just potentially adyeway of comparing one modelling project
with another, and the industry may into the futwse this as a means of measuring

modelling rigour.
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GIS-based landslide zoning models are all too oftevduced with very little
regard to the pixel resolution selected for modglliTypically this will be selected based on
the available data, or the available computingrietdgy and or perhaps the time available.
As we move forward technologically, such limitaowill become less critical and it is
prudent to examine what pixel resolutions best gu# type of terrain analysis and land
zoning. This does not mean in the future that mowgimay not be better completed at
higher resolutions of 5m, 2m or 1m. The analysigorted in here suggests for the data
available in this study and within this study regi@ pixel resolution of 10m has been

optimal.
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CHAPTER 6: SYDNEY BASIN SLIDE CATEGORY LANDSLIDE
SUSCEPTIBILITY MODELLING

6.1 Introduction

The main aim of this chapter is to develop a laddssusceptibility model of the
Sydney Basin study area. The largest portion ofldhéslides in the inventory, a total of
1424 (at the time of modelling) records belong tie slide category. The susceptibility
model development for these slide category landslidas conducted with the large scale
landslide inventory and a series of GIS based idptdasets discussed in Chapter 3. The final
susceptibility map covers an area extending fronswhllbrook in the north to Batemans
Bay in the south and west to include the Blue Maunst The extent of the Sydney Basin
modelling was defined by the extent of the basalagy of the Sydney Basin sequence,
mainly the Shoalhaven Group and this area inclédekcal governments. The Australian
Bureau of Statistics 2011 Census data shows the @wntains a population of 5.4 million
people, approximately one quarter of the populatibiustralia. The modelling work has
been completed following a successful ‘proof of aapt’(Flentje, et al., 2011) trial. Over the
last 3 years of the authors PhD research, the tinglgirocess has been refined and the
resolution of the input datasets has been enhafitégichapter discusses the selection of the
size of negative case training dataset and the datéeng algorithm See5 modelling

parameters suitable to conduct a large scale adrbsolution modelling work.

The regional, large scale GIS-based landslide stibddy modelling outcomes
and the distribution of susceptibility classes witthe local governments are discussed at the
end of this chapter. Figure 6.1 summarises thamel distribution of 480 slides whose
detailed information is available in our inventohy.Chapter 10 and Chapter 11, two major
landslides in our inventory have been studied taitleo provide a context to Sydney Basin
landslides. Also, these case studies present anatbgect of landslide susceptibility

assessments i.e. more refined, large scale sitgfisp@ndslide susceptibility models. The
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techniques used to develop these models are diffén@m that of the models discussed in

this chapter, Chapter 7, 8 and 9.

6.2 Landslide and non-landslide pixels for training themodel

In this study, the final modelling outcome will @va large area of 30,603 km
However, the total area of the slide category lhgels within the study area is 34kmvhich
equals approximately 0.11% of the study area. Vaige is 185 times less than that of the
trial study area discussed in chapter 5 (22.2%#&nEtiough the landslide inventory contains
landslides from across the Sydney Basin, they ateemenly spread across the study area
compared to the study in Chapter 5. Therefore,hap®er 5, it was reasonable to use all the
landslide pixels and an equal number of randomlgcsed non-landslide pixels to derive

Seeb5 decision tree based rule-sets.
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Figure 6.1. Volume distribution of 480 slides

One aim of this chapter is to discuss how the ®ia of the selected non-landslide
pixels affects the modelling outcome. Due to timaited number of mapped landslides and
their uneven distribution, determining the moseefive landslide to non-landslide training

data proportion was an important considerationsTihvestigation will also facilitate the
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production of realistic data mining derived landslsusceptibility results that are capable of
satisfying AGS (2007) guideline requirements. Tl an attempt was made to formulate
the most suitable proportion of landslide (LS) mn#andslide pixels (NLS) on which to
train the model. Non-landslide pixels were selectgaiomly from the study area, excluding
the slide category landslide pixels (LS). There 286,671 landslide pixels and six separate
models were prepared with six different landslidenon-landslide (LS:NLS) proportions,
1:1, 1.2, 1:3, 1:4, 1:5, and 1:10 (Figure 6.2). Peeformance of these models was compared
using ROC curves, five-fold cross validation accyrand the percentage distribution of
landslides in susceptibility classes. The resukisdiscussed in the following sections of this
chapter. Data was extracted from the following fayend the landslide inventory to develop

the models.

* Slope (continuous floating point distribution)

e Aspect (continuous floating point distribution)

» Terrain Classification (two integer layers derivasing IDRISI and ArcGIS)
e Curvature (continuous floating point distribution)

e Profile Curvature (continuous floating point digttition)

» Plan Curvature (continuous floating point distribort)

* Flow Accumulation (continuous floating point dibuition)

* Wetness Index (continuous floating point distribuii

* Geology (integer layer representing 212 differgablogy classes)
6.3 Selecting the optimum model size

As discussed in Chapter 5, values for Minimum nundfeases per terminal node
(M) was plotted against the training, test and 5-toltks validation errors to identify the
optimum model size for each modelling scenario (MERUrves).The minimum number of
cases at the point that all three error curveseaehequilibrium was selected as the optimum
model size. During this process the confidenceofastas kept constant at 1. The
equilibrium point identified from the MEMO curvesgsents therade-off compromise
between the generalisation and specialisation mbrthe learnt model as illustrated in

Figure 6.3 to Figure 6.8.
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INPUT DATA LAYERS
Landslide Data Mining Tool Bar

Landslide Inventory
Geology
DEM (z)
-Slope
-Slope Aspect
- Flow Accumulation
-Profile Curvature
-Plan Curvature
-Curvature
-Wetness Index
-Terrain

GIS based Data preparation for the Data Mining
Analysis

i@ ors

-Collect information form the input raster layers
corresponding to the landslide and non-landslide
locations

-Six training datasets with different LS:NLS
proportions, 1:1, 1:2, 1:3, 1:4, 1:5and 1:10 to
produce 6 different models

-All of the landslide pixels (330,671) were selected
and non-landslide pixels were selected randomly

- Produce compact*.data file

-Produce *.name file to describe data attributes

Data Mining Analysis

ELERI

-Calling See5 software

- Determining model
optimum parameters
foreach model

-Deriving rule-sets
from each model

-Cross-validation

classes

Comparison of the sixmodels

- Comparing model performance with ROC curves and five-
fold cross-validation accuracy

-Analysis of the distribution of landslides in susceptibility

~-

study area

Landslide Susceptibility model

- Applying each rule-set to 309 million pixels over the

-Average of the rule confidences of the winning class is
‘ mapped as the landslide susceptibility

-Produce six deferent landslide susceptibility maps
corresponding to six different rule-sets derived from
the datasets with different LS:NLS proportions

Figure 6.2. Major steps involved in the modellimggess
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Figure 6.4. MEMO curve for 1LS:2NLS model
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Figure 6.8. MEMO curve for 1LS:10NLS model

132




Sydney Basin slide category landslide suscepgibitiodelling Chapter ¢

The M values differ between 280 and 3200 for the modelsloped with varying
landslide to non-landslide ratios and rule-setsewgerived with these optimum model
parameters from each dataset. The logic of ea@isetl was applied across the study area

and six different landslide susceptibility maps evprepared (Table 6.1).

6.4 Comparing model performance

In order to compare the performance of the modleés Area Under Curve (AUC)
of the Receiver Operating Characteristic (ROC) euand the 5-Way cross validation
accuracy were used. ROC curves were prepared lfyingrthe landslide susceptibility
maps with the available training dataset which wsed to construct the models. Along with
the AUC values, the five-way cross validation aecyr(1 — test,) corresponding to the
optimum model size, has been plotted for each nlinde$cenario (Figure 6.9). With the
increasing number of non-landslide training pixéie 5-Way cross validation accuracy also
increases from 92.1% (1:1) to 95.8% (1:10). Howgetee highest AUC value (97%) was

produced from the model trained with 1:1 landstml@on-landslide ratio.

Table 6.1. Summary of the six models

LS:NLS proportion Total training pixels Optimumuming parameter Number of rules
11 661,342 3200 120
1:2 992,013 400 162
1:3 1,322,684 280 181
1:4 1,653,355 1125 71
1:5 1,984,026 800 74
1:10 3,637,381 800 75

The variation of AUC generally shows a downwarddras the proportion of non-
landslide pixels increases. The AUC value drop33&% from 97% when the proportion of
non-landslide pixels increases to 10 times. Sunsimgyithe model comparison results, when
the non-landslide pixel ratio increases from 1 @otifnes, the 5-way accuracy increases by
3.7% whereas AUC decreases by 3.4%. In terms dfethperformance measurements,

accuracies of all six models are largely similad &igher than 90%. However, AUC and 5-

133



Sydney Basin slide category landslide suscepgibitiodelling Chapter ¢

way accuracy show contradicting trends with theaasing number of non-landslide pixels.
Therefore, to analyse this behaviour further, lddsdistribution curves discussed in the

next section, were considered as the third perfoocmaneasurement.

100
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96.8%
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Landslide to non-Landslide Proportion

Figure 6.9. Comparing the performance of differantiel outcomes.

6.5 Distribution of landslides in susceptibility classe

The distribution of landslide and study area pixgisrformance curves) were
plotted against the data mining confidence for eaolelled outcome (Figure 6.10 to Figure
6.15). The cut-off values of the landslide susd®igly classes were defined according to the

minimum requirements recommended in the modificold 4 of AGS (2007).

Using the landslide pixel distribution curve, thandislide confidence value
corresponding to 1%, 10% and 50% of the landslidentory (minimum requirements)
were selected to define the boundary between CQlagdass 2, Class 2 - Class 3 and Class 3

- Class 4 respectively.
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These distribution curves illustrate that the diitlandslide confidence value
corresponding to the 50% cumulative landslidesradees as the number of non-landslide
training pixels increases. For the model completéd 1:1 landslide to non-landslide ratio,
the 50% landslide boundary value is 0.93. Thisevarops to 0.7 for 1:2, and then to 0.685
for 1:3. When further increasing the non-landsfideportion, the cut-off value decreases to
0.58 (1:4). The cut-off value corresponding to 8986 landslides levels around 0.5 as the

non-landslide proportion further increases to 11 &:10 respectively.

Furthermore, the percentage of the study areaifitbas very low susceptibility,
decreases from 83% (1:1) to 20% (1:10) when thpgotmn of non-landslide training pixels
increases. When the landslide to non-landslide gotimm is 1:2, 1:3, 1:4, and 1:5, the
percentage area of this class is 55%, 45% 30% A6l i@spectively (Table 6.2). These
results show that when the number of non-landdlidaing pixels increases beyond the
number of landslide training pixels, the area ofyvéow susceptibility class starts to
decrease. Also, the landslide Data Mining configent the boundary between Class 2 —
Class 3 becomes negative when the non-landslitentislide training pixel ratio is greater
than 2. Therefore, when the number of non-landglidels increase beyond the number of
landslide pixels in the training data, the modegatd high susceptibility classes are defined

based on very low confidence values.

6.6 Most desirable landslide to non-landslide proportio

In Summary, the highest AUC value is produced ky thodel trained with 1:1
landslide to non-landslide ratio but this model hhe lowest 5-Way cross validation
accuracy. Even though AUC and 5-Way accuracy foliew different trends, all six models
have performed well in terms of these performaneasurements (>90%) and the accuracy
of the model outcomes are marginally similar. Trargther factor was considered to assess

the model performance and ensure that this modepadson is a meaningful one.
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Considering the distribution of landslides withihet landslide susceptibility
classes, outcome of the 1:1 training data has keaeoessful in categorising 83% of the
study area as very low (Classl). However, the m¢age of the study area categorised as

Class 1 decreases as the number of non-landshds pncreases in the training data.

Table 6.2. Distribution of landslide susceptibilittasses and the landslide inventory

Landslide to non- Suscentibilit Landslide Landslide
landslide P y ) % of Study area| confidence cut-
) class population
proportion off
1 1% 83% -0.86
2 9% 9% 0.48
11
3 40% 7% 0.93
1 1% 55% -0.86
2 9% 39% 0.42
1.2
3 40% 5% 0.7
1 1% 45% -0.9
2 9% 48.7% -0.45
1.3
3 40% 5.3% 0.685
1 1% 30% -0.9
2 9% 62.7% -0.65
1:4
3 40% 6.6% 0.58
1 1% 30% -0.93
2 9% 62% -0.43
1.5
3 40% 7% 0.5
1 1% 20% -0.98
2 9% 70% -0.89
1:10
3 40% 9.9% 0.51
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Figure 6.10. Performance curves for 1LS:1NLS model
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Figure 6.11 Performances curve for 1LS:2NLS model

137




Pixel Cumulative percentage (%)

Pixel Cumulative percentage (%)

100

80

80

70

60

50

40

30

20

10

100

80

80

70

60

a0

40

30

20

10

Sydney Basin slide category landslide suscepgibitiodelling

— — — Allstudy area pixels

LS pixels

1-Very Low
2-Low
3-Moderate
4-High

/|

g

=

1 l

-1 -0.8 -0.6 -0.4 -0

I

2 0 0.2

0.4

Data Mining Confidence Value

Figure 6.12. Performance curves for 1LS:3NLS model
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Figure 6.13. Performance curves for 1LS:4NLS model
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Figure 6.14. Performance curves for 1LS:5NLS model
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Figure 6.15. Performance curves for 1LS:10NLS model
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However, this could be partly avoided by moving bBoeindary of Class 4 further
to the right but this class then would not be ablencompass 50% or more landslides as

recommended by AGS (2007).

In order to fulfil the requirements of the AGS (Z00guidelines, the high
susceptibility class boundary of the models produftem the class imbalanced datasets
should be established at low (<0.8) landslide amfce values. These models have
produced poor zoning outcomes as the study areantia®een successfully distributed
among different susceptibility classes. Therefdhe selection of an equal number of
landslide and non-landslide pixels to train the elodas been justified. The model
developed from a balanced dataset possesses ldlttpre capabilities and also satisfies

the requirements of AGS (2007) guidelines.

6.7 Sydney Basin landslide susceptibility zoning

A landslide susceptibility map at 10m optimum pixe$olution was prepared for
the Sydney Basin study area (Figure 6.16) usingldntislide to non-landslide training
pixels. Summarising the attribute usage of the madeology, Slope, Aspect, Curvature,
Wetness Index, Flow Accumulation, Profile Curvataned Plan Curvaturehave classified
99%, 26%, 13%, 10%, 8%, 0%, 0% and 0% of the Mmgindata respectively
(Palamakumbure, et al., 2015). The optimum rutdssimcluded in Appendix 2. The 5-fold
cross validation accuracy of the model is 92% &itandard error of 0.1% and has an AUC

of 97%. Also, the mapped outcome looks very reasierend appropriate.

Landslide susceptibility zoning classification washieved by plotting the
cumulative percentage of landslide pixels and statBa pixels against the data mining
confidence (landslide susceptibility) and the thotg values for defining the susceptibility
zones were identified (Figure 6.17). It is esséntiwt these distributions follow the
objectives of the modified Table 4 of AGS (2007rlided here as Table 6.3.These

distributions should maintain the intent and logioployed when developing Table 6.3, that
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is to have the maximum number of known landslideshie highest susceptibility zones,
while keeping the area of these highest suscepfiltlasses to a minimum. In order to
achieve this, the study area was divided into fmmes (Table 6.4) following the cumulative

percentage of data curves (Figure 6.17).

The susceptibility modelling of landslides has sifisd 4.8% of the study area
(approximately 1,480 kfj, as high susceptibility. This area contains 77 &he known
landslides with a density of 1.73%. The moderaseeaptibility class covers nearly 5.2% of
the study area (1,590 Kmand contains 15.9% of the landslide populatiothve slide
density of 0.33%. The area of low susceptibilitgss is 1,650 kf(6.23% of the study area)
and contains 4.99% of the landslide population aittiensity of 0.08. Almost 84% of the
study area, approximately 25,900 %nhas been classified as very low susceptibility

containing 1.5% of the landslide population wittemsity of 0.002%.

Table 6.3. Modified Table 4 of AGS (2007)

Proportion of the landslide inventory category* or
Susceptibility descriptors proportion of the rock fall trajectories reachitng t
zone
High susceptibility >0.5
Moderate susceptibility 0.1-0.5
Low susceptibility 0.01-0.1
Very low susceptibility 0-0.01
Notes
. *

the inventory category can be any landslide categioe user defines, i.e. rock falls,
manmade landslides, large, medium or small flowglale category landslides based on any
project specific volume or inventory classificatiett.

* The number range used in the classification do¢haee to be set in stone, they are just a
guide. This range classification has been foundutigethis study.

The moderate susceptibility class covers nearlyt5o2the study area (1,590 Km

Table 6.4. Distribution of slides within the lands! susceptibility classes (pixel area)

Susceptibility | % of the Study Area of slides| Area (km?) |% of area effected
class Area % slides (km®) of class by slides
Very Low - 1 84 1.51 0.5 25,900 0.002
Low-2 6.23 4.99 1.65 1,650 0.08
Moderate - 3 5.2 15.9 5.27 1,590 0.33
High - 4 4.8 77.55 25.64 1,480 1.73
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'i‘r_’a? Landslide Susceptibility, % Slide Population and
: % Study Area
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[ Jiow 4.99%, 6.23%
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B High 77.55%, 4.8%

Figure 6.16. The landslide susceptibility zoningprfiar the Sydney Basin study area
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Figure 6.17. Landslide susceptibility zoning uslihg distribution of landslide susceptibility
values

6.8 Correlation between field assessment and the Sydn8&asin model predictions

This model was validated using the field suscelgybdataset as discussed in
Chapter 3. The field assessment was completedifier susceptibility at 1,059 locations as
summarised in Table 6.5. Using ESRI ArcGIS Spatiahlyst Zonal Statistics, the mean
computer modelled Susceptibility value for all diettwenty or more 10mpixels (100
square meters) within each of 50m diameter GISgeeé circles of approximately 1,963
square meters centred on each of the GPS recoodations was determined. Using this
technique, it was then possible to compare the Hemblsusceptibility, with the field based

assessment.

It was decided to plot the differend®, between the average value predicted by the

model and the value assessed independently iniglte This difference is plotted in the
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histogram shown in Figure 6.18. Therefore the dffieeD = O indicates the count for which
the assessments match. Results are rounded tedneshwhole number. Almost 40% of the

sites have average model results similar to theesehiave been assessed in the field.

Table 6.5. Summary of field susceptibility assesgme

Field assessment of Susceptibility Class Slide
Very Low Class 1 167

Low Class 2 225
Moderate Class 3 244

High Class 4 423

An additional 26%, have been assessed by the cempubdel to be one
susceptibility class greater (the model is congarm@iathan that during the field assessment,
and additional 21% and 4% have been assessed tiwoband three susceptibility classes
greater than the field assessment respectivelyjurthdr 8% have been assessed to be one
susceptibility class less than (the model is notseovative) that during the field assessment,

with a further 1%, two classes less than the falsessments.
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Figure 6.18. The difference between the field andeiled landslide susceptibility
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6.9 Distribution of slide susceptibility classes withinocal government areas

The percentage of area covered by the slide suiigptclasses (zones) within

Chapter ¢

each local government has been assessed andatigstin Figure 6.19. Some local

government areas (LGA’s) are not covered 100% utlteiSydney Basin study area. The

fourth column of Table 6.6 shows the percentagbacdl government area that is covered

within the study area and the subsequent calcoktiere made based on this area included

within the study area.
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Figure 6.19. Slide category susceptibility clasgribution among LGA's

The susceptibility class distribution within theyctouncils, whose jurisdictional

area is covered more than 70% by the Sydney Basily sirea, were sorted and summarised

in Table 6.6. The majority of the LGA’s have nodalide records in our inventory, to be

specific; there are no recorded slides in 40 LGwithin our landslide inventory. Even

though many city councils have no slide recordstin inventory, some percentage of their

land is covered by high and or moderate susceipfilzibnes. Only eight LGA’s have more

than five mapped landslides in the inventory. Tiyhést number of slides (501) recorded in
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the inventory are from Wollongong and 21.3% of thBA is classified as susceptibility
class 3 and 4. Wollongong has the highest contdbuto the inventory thereby, those

records play a major role in training and validgtihe model.

It is very clearly evident that the collection ahbslide records should be further
enhanced. The landslide susceptibility assessnfet aity councils shows that more than
30% of their land is susceptible to sliding at aderate to high level, despite the fact that our
inventory does not include any slides from 6 ofstn@GA'’s. It is an indication of a lack of
landslide information in the landslide inventorgrir major parts of the Sydney Basin where
the threat of landslide hazard could be much highan it is currently anticipated. Within
the limited timeframe of this project, the landslidiventory has been enhanced with mapped
landslides in the field. However, trying to expahis landslide mapping work to other local
government areas where no background informati@vaslable, would take a considerable
amount of time to complete. Therefore, in the fefuhe author and the Landslide Research
Team (LRT) anticipate interacting with the indivaduocal governments to obtain their
landslide inventory information and enhance the N&Wdslide inventory. The existing
landslide susceptibility maps can be provided faominal fee to local or state governments
in exchange for their landslide inventory data anth this enhanced inventory, a second

iteration of the model can be produced and thedliae susceptibility maps can be updated.

6.10 Summary and conclusions

In summary, the performance evaluation of the nmededined with different
proportions of landslide to non-landslide pixeldigates that the model constructed with 1:1
landslide to non-landslide pixel ratio is the bgstforming model. This is based on the AUC
value although the corresponding 5-Way cross vadidaaccuracy is the lowest. This can be
explained by comparing the study area with thel tatea of the landslide inventory. The

percentage of landslide area is around 0.1% whepaced with the total study area.
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Table 6.6. Slide category susceptibility classrifistion in each LGA

LGA Council name Areza % covered n Sydney Class1| Class2 Classf3 Class4 Combined class3 &'X“”.‘ber of Sl'd.e
no km Basin slides density
57 | Holroyd City Council 40.2 100% 146% 29.8%  35.9%19.7% 55.6% 0 0%
17 | Camden Council 200.9 100% 20.7% 26% 30.7% 22]7% 53.3% 11 1.2%
62 | Fairfield City Council 101.3 100% 17.3% 29.7% 9%84| 19% 53% 1 0.8%
14 | Blacktown City Council 235.2 100% 259% 2699 .8%9 | 16.4% 47.1% 0 0%
22 | Liverpool City Council 304.9 100% 39.9% 21.50% .24 | 14.4% 38.6% 5 0.2%
54 | Bankstown City Council 76.2 100% 342% 27.7% 8%.| 13.3% 38.1% 0 0%
43 | Penrith City Council 401.6 100% 435% 209% 24.4 14.3% 35.6% 1 0.04%
55 | Strathfield Municipal Council 13.9 100% 32.1% .3 | 25.7% 8.9% 34.6% 0 0%
50 | Wollondilly Shire Council 1946.4 76% 59.7% 6.6% 18.2% | 15.3% 33.6% conf* conf*
19 | Burwood Council 7.1 100% 29.8% 389 28.9% 3.3% 2% 0 0%
18 | Parramatta City Council 61.2 100% 46.8% 21.%% .4%5| 16.3% 31.7% 1 0.05%
36 | Ryde City Council 40.6 100% 51.9% 1720 12.8% %18 30.8% 1 0.05%
20 | City of Auburn 32.5 100% 39.9% 30.2% 18.3% 11.6% 29.9% 0 0
52 | Marrickville 16.6 100% 52.3%9 223% 12.9% 12.5% 5.4% 0 0
33 | Lane Cove 10.4 100% 70.7% 6% 7.1% 16.1% 23.2% 0 0
28 | Canterbury 33.5 100% 48.4% 2930 14.8% 7.8% 982.3 0 0
21 | Campbelltown 311.2 100% 66.9%  10.8p6 8.8 13.6% 2.3% 5 0.19%
16 | Wollongong 715.4 100% 71.8% 6.9% 11.1%  10.2% 3%1. 501 0.48%
60 | Ashfield 8.3 100% 51.4% 27.6% 12.5% 8.5% 21% 0 0
53 | Ku-Ring-Gai 85.4 100% 69.5% 9.9% 6.2% 14.5% 0.7 0 0
29 | Wingecarribee 2690.9 88.9% 66.9%  13.1% 8% 11/4% 19.4% 26 0
30 | Lithgow 4516 73.2% 68% 12.7% 11.8% 7.5% 19.3% 0 0
63 | Hurstville 24.8 100% 58.19 24.1% 11.5% 6.2% % .7 0 0
49 | Blue Mountains 1432.6 92.2% 82.6% 1.7% 11.2% 9%4.4 15.7% 12 0.06%
61 | Willoughby 22.1 100% 72.49 12.9% 4.6% 10% 14.7% 0 0
13 | The Hills Shire 400.6 100% 78.3% 7.4% 5% 9.3% 3% 15 0.15%
40 | North Sydney 10.5 100% 81% 8.2% 4.6% 6.2% 10.8% 0 0
47 | City Of Kogarah 19.4 100% 85.4% 4.3% 3.8% 6.3% 0.1% 1 0
26 | Canada Bay 19.8 100% 69.506 20.6% 7.7% 2.2% 9.8% 0 0

7 Sydney 26.4 100% 83.4% 7.4% 3.6% 5.6%% 9.2% 0 0
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15 | Shellharbour 155 100% 89.6% 1.5% 0.5% 8.3% 8.8% 0.01%
5 Leichhardt 10.3 100% 82.3% 9.6% 5.9% 2.1% 8% 0 0
39 | Kiama 258.8 100% 88.7% 3.39 0.1% 7.8% 7.9% 5 0
45 | Hornsby 506.7 100% 86.8% 7.5% 1.7% 4% 5.6% 1 0
48 | Rockdale 30 100% 88.4% 6.9% 3.2% 1.50% 4.7% 0 0
44 | Hunters Hill 5.7 100% 90.39 5.1% 3.3% 1.2% 4.5% 0
23 | Hawkesbury 2775.8 100% 95.5% 0.8% 0.7% 3% 3.7% 0 0
27 | Shoalhaven 4688.5 74.6% 98.1% 0.7% 0 1% 1% 8 0
4 Sutherland Shire 368.6 100% 98% 0.9% 0.9% 0.1% 1% 0
46 | Singleton 4893.2 79% 99.2% 0.3% 0.2% 0.3% 0.5% 0 0
35 | Woollahra 12.2 100% 99.9%  0.02% 0 0.06% 0.06% 1 0.03%
1 Wyong 821.5 100% 99.9% 0.19 0 0 0 1 0
2 Gosford 1026.6 100% 99.9% 0 0 0 0 0 0
8 Mosman 8.5 100% 100.0% 0 0 0 0 1 0
24 | Cessnock 1964.9 100% 99.4% 0.6% 0 0 0 0 0
32 | Waverley 9.4 100% 99.7% 0.39 0 0 0 0 0
37 | Pittwater 109.0 100% 72.4%  27.5% 0 0 0 2 0.049
38 | Warringah 153.1 100% 95.6% 4.4% 0 0 0 0 0
41 | Botany Bay 27.0 100% 99.9% 0.0% 0 0 0 0 0
42 | Randwick 37.4 100% 99.8% 0.1% 0 0 0 0 0
56 | Manly 15.2 100% 95.2% 4.7% 0 0 0 0 0
58 | Lake Macquarie 757.2 100% 822  17.8% 0 Q 0 19 .02%
59 | Newcastle 215.0 100% 91.7% 8.2% 0 0 0 2 0
10 | Maitland 392.5 81.7% 99.8% 0 0 0 0 0 0

conf*- reporting confidential at this stage
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When the proportion of non-landslide pixels incee@s the training dataset, the
natural proportion of study area to landslide aigeetter represented. Therefore, the
accuracy of the model prediction increases. Alse,rmodel becomes unstable in predicting
landslide test cases compared to non-landslidectessts, producing low confidence values
for landslide data mined model predictions. As ther model, it is highly unlikely that any
landslide would ever occur. Even though, a highenimer of non-landslide pixels represent
the natural balance between non-landslide areantslide area, it reduces the performance
of the modelling outcome as depicted by the AUC damaldslide distribution curves.
Therefore, in order to achieve a properly balarstedy area and landslide area distribution
among different susceptibility classes, 1:1 trajnipixel ratio was selected as the most

appropriate. The optimum rule-set can be foundppehdix 2.

The high susceptibility class contains approxinyate480 ki (4.8% ) of the
study area with 77.6% of the known landslides ama landslide density is 1.73%.The
moderate susceptibility class covers an area &0LET, nearly 5.2% of the study area and
contains 15.9% of the landslide population with lales density of 0.33%. The low
susceptibility class covers 6.23% of the study 4fe850 knl) and contains 4.99% of the
landslide population with a density of 0.08. Approately 25,900 krof the study area
(84%) has been classified as very low susceptibiibntaining 1.5% of the landslide
population with a density of 0.002%. Considering tombined results of high and moderate
susceptibility classes of the landslide suscejtijtazioning map, nearly 93% of the landslides
occur in 10% of the study area. Using the fieldcepsibility dataset discussed in Chapter 3,
the field assessment of the susceptibility has loeempared with the model predictions. The
results of the field assessment show that the mbdslan overall 90% of conservative

Success.

The developed slide category landslide suscepyitiloning provides a seamless
coverage over 64 local governments and is congidéwebe useful, where no other

information exist for local governments, at regiotoalocal advisory level land-use planning
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programmes. When considering the distribution afesl susceptibility classes within the
individual local governments, it has been shown thare than 30% of the land of 13 local
governments is classified as moderate to high gtibiléy classes and 6 of those LGA’s do
not have any slide information in our inventory.eféfore, these maps can be used as a
guide to identify potentially susceptible areashimitthese regions. The author and others in
the LRT propose providing this information, for amnal license fee, to local governments
and or NSW Government Department of Planning andir&mment in exchange for
landslide inventory information. We hope to con@rexpanding the landslide inventory, and

perform another iteration of this susceptibility deding.
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CHAPTER 7: SYDNEY BASIN FLOW CATEGORY LANDSLIDE
SUSCEPTIBILITY MODELLING

7.1 Introduction

This chapter discusses the flow category landgdigseeptibility modelling of the
Sydney Basin study area (Palamakumbure et al.,)2@ter compiling the major datasets
for the entire Sydney Basin, a susceptibility mdaelflows was developed along with the
slide category landslide susceptibility modellingrevious chapter). This is the latest
addition to the landslide susceptibility model depenent and validation work for the
Sydney Basin. At the time of the modelling, the\Wdandslide inventory contained 1823
landslides, out of which 267 are flow category Eks.Figure 7.1summarises the volume

distribution of 93 flows, of which the detailed anmation is available in our inventory.

25

Landslide Count

1 10 100 1000 10000 100000

Flow Landslide Volume (m?)

Figure 7.1. Volume distribution of 93 flows
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7.2 Input data layers

The flow category landslides within the Sydney Basver a total area of 1.6km
0.005% of the Sydney Basin study area. The numb#ows in the landslide inventory is
considerably lower than the number of slides (14.6¥%d more than 95% of the mapped
debris flows in the inventory are from the Wollongaarea. It is known that the progress of
identifying and mapping of flows is comparativelghind the mapping of slides but the
existing flow inventory is considered substantialtest the modelling methodology for
identifying flow susceptible areas. Due to thisroer distribution of flows over the wider
study area, the data layers discussed in the ah@pteere used except ti@eologylayer
(Figure 7.2). The modelling methodology uses knosabris flows as model training
reference points. Considering the heavy conceatraif flows in the Wollongong region, if
Geologywas included in the modelling, the spatial extehtthe modelled debris flow
susceptibility would be more limited by tk&eologyin which they occur, which we consider
to be unnecessarily restrictive for the intent laf aipplication herein, that is developing a
debris flow susceptibility map with wide applicatidf alternatively, say 1000 debris flows
had been mapped across the entire study area #wogy would most likely have been
useful. Below is the summary of the DEM based atitr GIS data layers apart from the
landslide inventory prepared at 10m pixel resolufar the model development as discussed

in Chapter 3.

e Slope (continuous floating point distribution)

e Aspect (continuous floating point distribution)

» Terrain Classification (two integer layers usingRI51 and Arc GIS)
e Curvature (continuous floating point distribution)

e Profile Curvature (continuous floating point digttition)

» Plan Curvature (continuous floating point distribort)

* Flow Accumulation (continuous floating point dibuition)

¢ Wetness Index (continuous floating point distribuii
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Figure 7.2.The basic steps involved in the modeélbpment
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7.3 Selecting the optimum See5 modelling parameters

A total number of 32,862 training cases with anaéqumber of flow and non-
flow pixels have been used to train the model. Asubsed in the previous chapters, the
non-flow pixels were randomly selected from theaawhere there are no recorded flows.
The MEMO (Misclassification error vs. the Minimumbg&ervations per terminal node)
curves have been prepared (Figure 7.3) to anafseariation of training error (computed
using 80% of the training data), test error (U086 of the training data which was not used
in the model development), five-fold (Way) crosdidation error (using the full dataset,
five iterations of model development and testing) o identify the optimum trade-off point
between model under fitting and over fitting. Theimum decision tree was selected from a
number of decision trees that have been developedsponding to a range of tree pruning
parameters. One of the two tree pruning parametieesonfidence facto(CF) was kept
constant at 1% to keep the complexity of a decidsree at a minimum level while the

minimum number of cases per terminal ndd¢ Was varied from 2 to 25,000.

25 —

————— Test error
Training error
- 5 Way Error

24 —

23 —

22 —

Misclassification error (%)

21 —

20 —

10000 1000 100 10 1
Minimum number of cases per terminal node (M}

Figure 7.3. Equilibrium point of MEMO curves

154



Sydney Basin flow category landslide susceptihitibdelling Chapter 7

BetweenM=200 andV=800, the training and test curves are parall@ach other
but the 5-fold cross validation error curve stémtdiverge abov&1=400. HenceM=400 was

selected as the equilibrium point of the MEMO ctve

7.4 Comparison of attribute usage in slide and flow moellling

The flow susceptibility map was prepared using thke-set derived from the
decision tree corresponding to the point of equitm and this rule-set can be found in
Appendix 3. The attribute usage of the optimum sieai tree of slide and flow category
modelling for the Sydney Basin is summarised inl&abl. Considering the slide category
landslides, as shown in Table 7Geologyhas contributed to classify 99% of the data and
the second largest amount of data was classifigty &ope When modelling of flows,
Slopehas classified 100% of the dat®lan Curvature, Profile CurvatureCurvatureand
Terrain classificatiorhave classified more data in modelling of flowarttthat of the slides

and the contribution dflow accumulatiorwas negligible in both models

Table 7.1. Attribute usage of flow and slide catgguoodelling

Attribute Usage (%)
Flow Rank Slide Rank

Slope 100% 1 26% 2
Plan Curvature 39% 2 0%
Profile Curvature 26% 3 0%
Curvature 26% 3 10% 4
Aspect 16% 5 13% 3
Terrain 14% 6 0%
Wetness Index 12% 7 8% 5
Geology - 99% 1
Flow Accumulation 0% 0%
Training cases 32,862 661,342

7.5 Flow category landslide susceptibility map preparabn.

The logic of the optimum rule-set was applied othex 309 million pixel study
area. The final outcome of the model has a crasidation accuracy of 77.3% and an Area
Under Curve (AUC) value of 81.7%. The landslide fatence value of all the study area

pixels and the landslide pixels were plotted sdp@rato examine the distribution and
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thereby identify the cut-off values for each lamtislsusceptibility class (Figure 7.4). The
distribution of flows in each landslide susceptipiclass was assessed and compared with

the revised Table 4 of AGS (2007) included hersiTable 7.2

Following the steps in the distribution curves dmel requirements of AGS (2007)
guidelines, four landslide susceptibility classeavdefined as shown in Figure 7.4. Flow
and study area pixel curves show the distributittihe study area and landslide area in each
susceptibility class. The flow category landslidesceptibility map is shown in Figure 7.5
and it looks very reasonable and appropriate.Tiseeqtibility modelling of flow category
landslides (Table 7.3) has classified 16% of thelstarea (approximately 4,944 Rmas
high susceptibility. This area contains 54% of khewn flows with a density of 0.02%. The
moderate susceptibility class covers nearly 14%hefstudy area (4,326 Kjmand contains
32% of the flow population with a flow density 0of0Q%. The area of low susceptibility
zone is 3,399 km(11% of the study area) and contains 5% of the flmpulation with a

flow density of 0.002%.

100

-
.

80 —

All Study Area Pixels
(309 million Pixels)

. / l 1-Very Low

2-Low

3-Moderate
40 4-High

Percentage of data (%)

=== All Flow Pixels
(16,431 "Training" Pixels}

-1 0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
Data Mining Confidence Value

Figure 7.4. Classification of susceptibility zones
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Table 7.2. Revised Table 4 of AGS (2007) for thislg

Chapter 7

Susceptibility descriptors

Proportion of the landslide inventory category* or
proportion of the rock fall trajectories reachig t

zone
High susceptibility >0.5
Moderate susceptibility 0.1-0.5
Low susceptibility 0.01-0.1
Very low susceptibility 0-0.01

Notes

° *

the inventory category can be any landslide catedioe user defines, i.e. rock falls,

manmade landslides, large, medium or small flowglate category landslides based on any
project specific volume or inventory classificatiett.
e The number range used in the classification doéhaee to be set in stone, they are just a
guide. This range classification has been foundutigethis study.

Table 7.3. Distribution of flows in the landslidesseptibility classes

)
Susceptibilit % of the Area (k) % of Flow Area of o of zoned
. area effected
y Class Study Area of class population | Flows (knf)
by flows
Very Low - 1 59 18,233 9 0.15 0.0008
Low -2 11 3,399 5 0.08 0.0024
Moderate - 3 14 4,326 32 0.53 0.0122
High - 4 16 4,944 54 0.89 0.0179

Almost 59% of the study area, approximately 18,288, has been classified as

very low susceptibility containing 9% of the flovogulation with a density of 0.0008%.

Furthermore, considering the combined results ghlind moderate susceptibility classes,

nearly 86% of the flows occur in just 30% of thadst area. The percentage of landslides

included in the very low category of the flow mod@&hble 7.4) is greater than that of the

slide model and 8% higher than the recommendedvaliiable 7.2. The high susceptibility

class of the flow model covers 16% of the studyaandhereas in the slide model, the

corresponding value is 4.8%. The area of the vesydlass of the flow model is 25% greater

than that of the slide model.

Table 7.4. Comparison of the susceptibility dedorgof flow and slide category models

_— . % zoned ares
0, 0,
Sgsceptlblllty Recommended proportions % landslides| % study arep effected
escriptors : TP X :
flows | slides| flows| slides flows slide
Very Low - 1 Oto1l 9 15 59 84 ~0 ~(Q
Low -2 >1to 10 5 5 11 6.2] 0.002 0.0
Moderate - 3 >10 to 50 32 15.9 14 52 001 O
High - 4 >50 54 77.6 16 4.8 0.0p 1.7
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Flow category Landslide Susceptibility, % Flows,
% Study Area, % Zoned area effected

[ ]veryLow 9%, 59%,0

[ Jiow 5%, 11%, 0.002%

[ ] Moderate 32%, 14%, 0.01%

[ High 54%, 16%, 0.02%

Figure 7.5. Flow category landslide susceptibilitgp of the Sydney Basin
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The number of training pixels available to traire tblide category susceptibility
model is almost 20 times greater than that of the ftategory susceptibility modelling.
Furthermore, the proportion of each susceptibdlgss affected by flow category landslides

is lower than the corresponding values of the stategory model outcome.

7.6 Comparison between field assessment and the Sydriggsin flow model

A summary of the field validation points for flovategory landslides extracted
from the field validation dataset (Chapter 3) isegi in Table 7.5. The difference, D,
between the average value predicted by the modetn (Siameter circle, 1963.5m
intersecting all 10m pixels (108 and the value assessed independently in the Viels

plotted in the histogram shown in Figure 7.6.

50

47.3%

Count

-3 -2 -1 0 1 2 3
Model Mean - Field Assessment (D) for 50m circle

Figure 7.6. Difference between the field and matkelandslide susceptibility

The difference D = 0 indicates the count for whilel assessments match. Results

are rounded to the nearest whole number. Almost 47%e sites have average model
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results the same as they have been assessed fieltheAn additional 16%, have been
assessed by the computer model to be one sustigptilass greater (the model is
conservative) than that during the field assessnaamt an additional 4% has been assessed
to be two susceptibility classes greater than idld fissessment. A further 22% have been
assessed to be one susceptibility class less thanr{odel is not conservative) that during
the field assessment, with a further 9%, two cladsss than the field assessments and 3%,

three classes less than the field assessment.

Table 7.5. Filed assessment for flows

Field Assessment of Susceptibility Class Flows

Very Low Class 1 189
Low Class 2 174

Moderate Class 3 95
High Class 4 45

7.7 Distribution of flow susceptibility classes withinlocal government areas

The study area covered by the flow susceptibiliagses (zones) within each local
government area is illustrated in Figure 7.7. Thalgsis of the flow susceptibility class
distribution among different LGA’s was conductethsitaneously to the study discussed in

Chapter 6, section 6.9 and the results are sumeadgirisTable 7.6.

Similar to the distribution of the slide recordsertte are no recorded flows in 57
LGA’s within our inventory. The mapped flows aresttibuted only among seven LGA’s
and the highest number of flows, 92 is recordethevWollongong local government area.
However, eleven city councils have more than 30%hefr land covered by moderate to
high susceptibility classes and only two of thenvenanapped landslides within our

inventory.

7.8 Summary and conclusions

The See5 based data mining approach for modellimgsf was successful in

meeting the modified AGS (2007) Table 4 objectiupgo a large extent. The flow category
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landslide susceptibility model over the 309 millipixel study area has a cross-validation

accuracy of 77.3% and an Area Under Curve (AUQ)ealf 81.7%.
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Figure 7.7. Flow category susceptibility classrilisition among LGA'’s

The slide category susceptibility model has beemensuccessful in producing
values that match the recommended susceptibilggrggors of the guidelines than the flow
category model. This is due to the smaller numbefioavs (267) with a smaller spatial
distribution recorded in the inventory relativetie number of slides (1424). Approximately
4,944 kni (16%) of the study area has been classified as sigiteptibility. This area
contains 54% of the known flows with a density @2%. The moderate susceptibility class
covers nearly 14% of the study area (4,326)kamd contains 32% of the flow population
with a flow density of 0.01%. Nearly 3,399 kif11%) of the study area has been classified
as low susceptibility and contains 5% of the flospplation with a flow density of 0.002%.
Almost 59% of the study area, approximately 18,R88, has been classified as very low

susceptibility containing 9% of the flow populatiowith a density of 0.0008%.
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Table 7.6. Flow category susceptibility class distiion in each LGA

LGA no Council name ﬁ:ﬁza % covered in Sydney Basin Class 1 Class 2 Class3 lass@ Combined Class 3 &[4 Number of Flows Flowsity
49 Blue Mountains 1432.5 92.2% 32.4% 16.7% 23.3% 27.5% 50.9% 4 0.01¢9
23 Hawkesbury 2775.8 100% 35.4% 16.8% 21.3% 26.5%) 47.8% 0 0%
30 Lithgow 4516 73.1% 47.1% 13.2% 19.2% 20.5% 39.7% 0 0%
45 Hornsby 506.7 100% 45.1% 15.3% 19% 20.7% 39.6% 0 0%
46 Singleton 4893.3 79% 48.9% 13.5% 16.9% 20.7% 37.5% 0 0%
2 Gosford 1026.6 100% 50% 14.2% 17.1% 18.6% 35.7% 0 0%
24 Cessnock 1964.9 100% 50.8% 14% 16.3% 18.9% 35.2% 0 0%
38 Warringah 153.1 100% 56.4% 11% 17.1% 15.5% 32.5% 0 0%
50 Wollondilly 2557.8 76.1% 57.4% 11.3% 15.2% 16% 31.2% conf* ‘tonf
37 Pittwater 109 100% 57.5% 11.8% 16.1% 14.6% 30.7% 0 0%

1 Wyong 821.5 100% 57.9% 11.7% 14.5% 15.9% 30.4% 0 0%
8 Mosman 8.5 100% 65.7% 6.6% 14.8% 12.8% 27.7% 0 0%
39 Kiama 258.8 100% 63% 10.3% 13.3% 13.3% 26.6% 4 0%
27 Shoalhaven 4688.5 74.6% 67.8% 8.6% 11.6% 12% 23.6% 3 0%
16 Wollongong 715.4 100% 67.9% 8.5% 12.3% 11.2% 23.5% 92 0.069
15 Shellharbour 155 100% 66.8% 9.7% 12.1% 11.4% 23.5% 0 0%
29 Wingecarribee 2690.9 88.9% 68.8% 9.3% 11.3% 10.6% 21.9% 2 0.019
53 Ku-Ring-Gai 85.4 100% 70.2% 9.1% 11.5% 9.2% 20.7% 0 0%
56 Manly 15.2 100% 74.4% 5.1% 11.7% 8.8% 20.5% 0 0%
61 Willoughby 22.2 100% 75.1% 5.2% 11.1% 8.6% 19.7% 0 0%
35 Woollahra 12.2 100% 75.8% 4.6% 12.6% 7% 19.6% 0 0%
33 Lane Cove 10.4 100% 74.4% 6.2% 11.8% 7.5% 19.4% 0 0%
40 North Sydney 10.5 100% 75.9% 4.8% 11.5% 7.8% 19.3% 0 0%
13 The Hills Shire 400.6 100% 70.8% 10.2% 10.6% 8.3% 19% 0 0%
4 Sutherland Shire | 368.6 100% 72.8% 8.6% 10.4% 8.2% 18.6% 0 0%
58 Lake Macquarie 757.2 100% 75.4% 7.1% 9.3% 8.1% 17.4% 1 0%
44 Hunters Hill 5.7 100% 79.6% 4.6% 10% 5.8% 15.8% 0 0%
21 Campbelltown 311.2 100% 79.9% 7.1% 7.2% 5.8% 13% 0 0%
32 Waverley 9.4 100% 86.4% 2.9% 6.6% 4.2% 10.7% 0 0%
47 City of Kogarah 19.4 100% 89.2% 2.7% 4.9% 3% 8.0% 0 0%
63 Hurstville 24.8 100% 89.3% 2.8% 4.7% 3.1% 7.8% 0 0%
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36 Ryde 40.6 100% 89.6% 3.1% 4.9% 2.5% 7.4% 0 0%
5 Leichhardt 10.3 100% 92.3% 1.6% 4.1% 2.1% 6.1% 0 0%
59 Newcastle 215 100% 91.8% 2.1% 3.8% 2.2% 5.9% 0 0%
42 Randwick 37.4 100% 92.0% 2.1% 3.8% 2% 5.8% 0 0%
7 Sydney 26.4 100% 94.0% 1.4% 3% 1.6% 4.6% 0 0%
41 Botany Bay 27 100% 95.2% 1.3% 2.3% 1% 3.3% 0 0%
48 Rockdale 30.1 100% 95.1% 1.6% 2.3% 1% 3.3% 0 0%
22 Liverpool 306.2 100% 95.5% 1.9% 1.7% 0.9% 2.6% 0 0%
43 Penrith 404 100% 95.7% 1.7% 1.6% 0.9% 2.5% 0 0%
18 Parramatta 61.3 100% 96.3% 1.3% 1.8% 0.6% 2.4% 0 0%
28 Canterbury 33.5 100% 96.9% 0.9% 1.6% 0.6% 2.2% 0 0%
20 City of Auburn 32.5 100% 97.2% 0.7% 1.5% 0.5% 2% 0 0%
52 Marrickville 16.6 100% 97.0% 1.0% 1.4% 0.6% 2% 0 0%
17 Camden 200.9 100% 96.1% 2.0% 1.4% 0.5% 1.9% 0 0%
10 Maitland 392.5 81.7% 96.2% 1.8% 1.3% 0.6% 1.9% 0 0%
57 Holroyd 40.2 100% 96.9% 1.4% 1.2% 0.6% 1.8% 0 0%
26 Canada Bay 19.8 100% 97.5% 0.8% 1.3% 0.4% 1.7% 0 0%
54 Bankstown 77.6 100% 97.3% 1.1% 1.1% 0.5% 1.5% 0 0%
60 Ashfield 8.3 100% 98.5% 0.2% 1.0% 0.2% 1.3% 0 0%
55 Strathfield 13.9 100% 98.5% 0.3% 1.0% 0.2% 1.2% 0 0%
62 Fairfield 101.6 100% 97.8% 1.2% 0.7% 0.3% 1% 0 0%
14 Blacktown 240.2 100% 98.4% 0.9% 0.5% 0.2% 0.7% 0 0%
19 Burwood 7.1 100% 99.6% 0% 0.3% 0% 0.3% 0 0%

*conf — reporting confidential at this stage
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Results show that 50% of our inventory is capturepist 15% of the study area,
and 80% of our inventory is captured in 28% of stiedy area further reflecting that the

modified AGS (2007), Table 4 requirements have bmen

This being a regional spatial model, rainfall tetahd/or intensity has not been
incorporated in the modelling work as rainfall roemously spatially variable. Rather, it is
assured rainfall intensity can be considered taosach as to trigger flows across the entire
or any portion of the study area, at some futureetisuch that it can be ignored as a factor.
Efforts have been made to include ground hydroggolgarameters as best as we can.
Interestingly, it was noted th&low Accumulatiorwas the least contributing factor towards
classifying data in both slide and flow modalgetness Indexon the other hand has been
selected in both slide and flow modelling with ancibution of 8% and 12% respectively.
Geologyhas not been considered in the regional flow mivdgein order to avoid a spatially
limited model outcome but when modelling slideswiis the main contributor towards
classifying the data. In both mode&ppehasbeen highlighted as an important parameter.
Furthermore, in the flow category landslide susbdiiy model, all of the curvature

parameters have contributed more towards clasgityia data than in the slide model.

The field assessments have been compared with duelnpredictions and the
results have been evaluated. The results of thegleations show that the model has an
overall 67% of conservative success £ 0, 1 and?2). Thus, it can be suggested that the
regional and/or state governments can use this ditegory susceptibility zoning outcomes
in preliminary and perhaps up to intermediate ldéamtl-use planning programmes where no
other zoning information exists. As discussed im@hr 6, this zoning map can be provided
to the local and/or state governments for a nonfealin exchange for landslide inventory
information. The results of the flow susceptibilghass distribution among 64 LGA’s show
that more than 30% of 9 LGA's have been classifiedler the moderate to high
susceptibility classes without any flow recordsimr inventory and this information can be

used as a guide to locate the problem areas. Irfufoee, the flow category landslide
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susceptibility model will be re-run, hopefully with more populated, well distributed and

field-verified flow inventory to produce an updategtsion of the zoning work.
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CHAPTER 8: WOLLONGONG SLIDE CATEGORY LANDSLIDE
SUSCEPTIBILITY MODELLING

8.1 Introduction

This chapter discusses the iterative re-modellihthe landslide susceptibility of
the Wollongong City Council (WCC) Local Governmehtea (LGA). Wollongong is the
largest city within the lllawarra region of the N&wuth Wales. The WCC LGA is bounded
by the town of Helensburgh and Garie Beach in tbghn Windang in the south and
Macquarie Pass in the southwest, including an afeal1.7 kni (Figure 8.1). Over the
years, urbanisation of the hillside areas due éogtiowth of the population has dramatically
increased the number of landslide related damagésis region. A detailed discussion of
this matter is included in the PhD thesis by Fent998), in which he introduced a
computer based landslide hazard and risk asses$anehe region. In 2008, the Landslide
Research Team (LRT) of University of Wollongong hasdelled the susceptibility and
hazard of a significant portion of the WCC LGA usia manual process and Data Mining
techniques with the best data available at the.tirhe new modelling reported herein covers

the entire WCC LGA study area.

A new airborne laser scan (ALS) dataset was pravigethe Land and Property
Information (LPI) in August 2014 (Figure 8.1) fdret northern part of the WCC LGA. This
dataset became available after the developmenth®fnhajor Sydney Basin landslide
susceptibility model. With the newly available Ale®vation data, the northern part of the
existing DEM for the Wollongong region has beenngigantly enhanced. Further,
comparing with the Sydney Basin study, the landsiidventory of the Wollongong study
area discussed herein has a better coverage anscaéhe of the corresponding geology
dataset is larger. Also, the DEM is generally digantly better, mostly composed of ALS
data. Therefore, the landslide susceptibility @f thll WCC LGA has been re-modelled with
these datasets at 10mx10m pixels, and the latesioweof the susceptibility map is now

available for the full WCC LGA.
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Legend

Wollongong City Council / Early
New ALS coverage Ay

Sydney Basin

New

e

3

Figure 8.1. Wollongong City Council area and befongper image) and after (lower image)
adding new ALS data covering the northern section
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8.2 Input data layers

At the time of the modelling, 501 out of 1424 slidategory landslides in the
Sydney Basin landslide inventory were located witbihhe Wollongong LGA. This is
equivalent to a total area of 3.3kntovering 0.46% of the WCC LGA study area. The
datasets discussed in Chapter 3 prepared for th€ W&A, the large scale (1:4000) geology
dataset which has been verified in the field byPbil Flentje and the author, and the merged
vegetation data layer have been used in this nindeBelow is the summary of the updated

DEM based derivatives.

* Slope (continuous floating point distribution)

* Aspect (continuous floating point distribution)

e Terrain Classification (an integer layers with terelasses)
e Curvature (continuous floating point distribution)

e Profile Curvature (continuous floating point didiition)

¢ Plan Curvature (continuous floating point distribart)

* Flow Accumulation (continuous floating point dibuition)

* Wetness Index (continuous floating point distribuii

The training dataset consists of an equal numbeslidé and non-slide pixels,
65,462 training pixels at 10nesolutionas shown in Figure 8.2. The non-slide pixels were
selected randomly from the study area excludingstite pixels. Further, the WCC study

area consists of 7.6 million pixels at 10m resoluti

8.3 The é ratio parameter for the Wollongong landslide susgatibility model

As discussed in Chapter 5, the selected 10m medelution and the average area
of the Wollongong landslide inventory have been parad using thé ratio parameter. The
Wollongong based slide category landslide inventoag been expanding over the last
decade with comprehensive field mapping of landslidrherefore, the amount of landslide

records in this inventory is considered suffici¢atcalculate a meaningfl parameter

(6 = VA/P? where Ais the average landslide area &g the pixel size).
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Figure 8.2. Basics steps involved in the model kigreent
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The average slide area of this inventory is 6,638nd the correspondiriyratio
parameter for the models at 5m, 10m and 15m reéspkiare 3.25m 0.8m* and 0.36 ri
respectively. The 10m pixels resolution producesdtivalue closest to the recommended

value of 1.5.

8.4 Selecting the optimum See5 modelling parameters

As discussed in Chapters 5, 6 and 7, in order ta fhe MEMO curves
(Misclassification error vs. the Minimum Observatoper terminal node), 80% of the
training data was used to train the models andaimaining 20% was used to test the models
to compare the models developed with different Mimde(tree pruning) parameters. Also,
the full dataset was used to assess the 5-fold Y\&fags validation as another measurement
to compare the model performance. The training,aed 5-fold cross validation errors were
plotted against the minimum number of cases penited node 1), where the confidence
factor was kept constant at 1%. The optimum mais2 which is considered as the
acceptable trade-off compromise between model biterg and under-fitting is obtained at

M=400 (Figure 8.3).

Training error
————— Test error
-------------- 5 Way Error

10.5 —

Misclassification error (%)

1000 100 10 1
Minimum number of cases per terminal node (M)

Figure 8.3. Optimum decision tree modelling paramset

170



Wollongong slide category landslide susceptibititgdelling Chapter ¢

Therefore,CF=1 andM=400 were used as the See5 pruning parametersiv@ de

the optimum decision tree and then the rule-sepéhpix 4).

8.5 Landslide susceptibility zoning for the Wollongongegion

The final model developed with the optimum modgllparameters has a 5-fold
cross validation accuracy of 92.1% and an Area Ur@erve (AUC) value of 95%.
Summarising the performance of the rule-&xplogy, Vegetatioand Slopecontributed to
predict the landslide class of 98%, 55% and 42%heftraining data respectively. These
rules were applied to all the datasets across tilndy sarea of 7.6 million pixels and a
landslide confidence value was determined for eyexgl. The model outcome, the slide
category landslide susceptibility map is showniguFe 8.4 and it looks very reasonable and
appropriate. The threshold values for defining shisceptibility zones were identified by
plotting the cumulative percentage of landslidesfsixand study area pixels against the data
mining confidence (Figure 8.5). The distributionlahdslides in each zone (Table 8.1) is
compared with the recommended values given in todifired Table 4 of AGS (2007)
included here as Table 8.2. The susceptibility Mivdeof slides has classified 8.5% of the
study area (approximately 64.7 ®mas high susceptibility. This area contains 76Rthe
known landslides with a density of 38.8%. The matkeisusceptibility class covers nearly
3% of the study area (22.8 Kmand contains 20% of the landslide population waitblide
density of 29%. The area of low susceptibility slés 95.1 krh (12.5% of the study area)
and contains 3% of the landslide population witleasity of 1%. Almost 76% of the study
area, approximately 578.5 knhas been classified as very low susceptibilitytaming 1%

of the landslide population with a density of 0.06%

8.6 Correlation between field assessment and the modaledictions

Using the slide category field validation pointshin the WCC LGA, extracted
from the field validation dataset discussedCimapter 3Table 8.3)the model results were

validated using the same procedure discussed ipt&h@ and 7.
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Figure 8.5. Landslide susceptibility zoning

Table 8.1. Distribution of slides within the laridg! susceptibility classes (pixel area)

0,
Susceptibility | % of the Studyl Area (knf) of | % of Slide | Area of Slides| 0 Of Zoned
. 2 area effected
Class Area class population (km") .
by Slides
Very Low - 1 76 578.5 1 0.33 0.06
Low - 2 12.5 95.1 3 0.99 1.04
Moderate - 3 3 22.8 20 6.61 29
High - 4 8.5 64.7 76 25.1 38.8

Table 8.2. Revised Table 4 of AGS (2007)

Proportion of the landslide inventory category* or
Susceptibility descriptors proportion of the rock fall trajectories reachig t
zone
High susceptibility >0.5
Moderate susceptibility 0.1-0.5
Low susceptibility 0.01-0.1
Very low susceptibility 0-0.01

Notes
« * the inventory category can be any landslide categioe user defines, i.e. rock falls,
manmade landslides, large, medium or small flowglate category landslides based on any
project specific volume or inventory classificatiett.
e The number range used in the classification doéhaee to be set in stone, they are just a
guide. This range classification has been founduligethis study.
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Each location in the dataset was assessed indidesind numerical values of 1 to 4
were assigned to represent very low, low, modetatehigh landslide susceptibility

respectively. This field assessment is comparedh whie average value of the model

prediction for each location.

Table 8.3. Field susceptibility assessment fatesliwithin WCC LGA

Field assessment of the susceptibility Count
Very Low Class 1 157
Low Class 2 209
Moderate Class 3 193
High Class 4 224
Total 783

The difference@) between the average value predicted by the natethe value
assessed independently in the field is plottetiénhistogram shown in Figure 8.6. The value
D = 0 indicates the count for which the assessmeraich. Results are rounded to the

nearest whole number. Almost 35% of the sites laesage model results the same as they

have been assessed in the field.

40

a 35.2% 35.2%

Count

-3 -2 -1 o] 1 2 3
Model Mean - Field Assessment (D) for 50m circle

Figure 8.6. Difference between the field and maklandslide susceptibility
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An additional 35%, have been assessed by the cempubdel to be one
susceptibility class greater (the model is congam@iathan that during the field assessment,
and additional 18% and 3% have been assessed tiwoband three susceptibility classes
greater than the field assessment respectivelyurthdr 8% have been assessed to be one
susceptibility class less than (the model is noiseovative) that during the field assessment,

with a further 1%, two classes less than the falsessments.

8.7 Summary and conclusions

Geology Vegetationand Slopeare the main contributing factors in the optimum
rule-set. The 5-fold cross validation accuracy #ml AUC value of the selected optimum
decision tree model is 92.1% and 95% respectivehe model input datasets at 10m pixel

resolution with an average slide area of 6,62praduced & ratio parameter of 0.8fm

The susceptibility modelling of slides has classifapproximately 64.7 knof the
study area (8.5%), as high susceptibility. Thisaarentains 76% of the known landslides
with a density of 38.8%. The moderate susceptjbitiass covers nearly 22.8 krof the
study area (3%) and contains 20% of the landslmmilation with a slide density of 29%.
The low susceptibility class covers 12.5% of thedgtarea (95.1 kfj) and contains 3% of
the landslide population with a density of 1%. Appmately 578.5 ki) 76% of the study
area, has been classified as very low suscepyilitintaining 1% of the landslide population
with a density of 0.06%. Considering the combinexbuits of high and moderate
susceptibility classes of the landslide suscejtijtazioning map, nearly 96% of the landslides
occur in 11.5% of the study area. These valued thié requirements of the AGS LRM
guidelines. The very low susceptibility class irgs the highest study area and the number
of recorded landslides within this class is thedetv The results of the field validation show

that the model has an overall 91.2% of conservativeess.
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CHAPTER 9: WOLLONGONG FLOW CATEGORY LANDSLIDE
SUSCEPTIBILITY MODELLING

9.1 Introduction

This chapter discusses the modelling of flow catgdandslide susceptibility of
the Wollongong City Council (WCC) Local Governmeiea (LGA). As discussed in the
previous chapter, the Wollongong study area hase#i-developed, mature landslide
inventory coverage, a large scale geology datambaedDEM largely composed of ALS data
and generally, these datasets are better in qultitythe datasets that have been used for the
Sydney Basin study. Therefore, the modelling wdikcussed herein has been done in
tandem with the remodelling of the Wollongong slidategory susceptibility (previous
chapter) to provide a separate flow category lagelslusceptibility map for the Wollongong

region. Flow modelling has not been attempted presly for the Wollongong LGA.

9.2 Input data layers

At the time of the modelling, 92 out of 267 flowstbhe Sydney Basin landside
inventory were from the Wollongong LGA. The flowvantory of Wollongong has a
combined total area of 0.4kncovering 0.056% of the study area. As discussé&hapter 7,
due to the limited number of flows available in theentory, in this study also we assumed
that occurrence of flows does not largely dependGaology in order to expand the
distribution of predicted flows without getting paps unnecessarily restricted by the
Geologyin which they occur. Below is the summary of theNDBased and other GIS data
(10m pixel resolution), apart from the landslidesentory, that have been used in the
analysis (Figure 9.1).

» Slope (continuous floating point distribution)

* Aspect (continuous floating point distribution)

» Terrain Classification (an integer layers with tlerelasses)
e Curvature (continuous floating point distribution)

e Profile Curvature (continuous floating point digttition)

» Plan Curvature (continuous floating point distribort)

* Flow Accumulation (continuous floating point dibuition)
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* Wetness Index (continuous floating point distrituii
* Vegetation (an integer layer with 98 different vagjen classes)

9.3 Selecting the optimum See5 modelling parameters

A total number of 7,842 training pixels which catf an equal number of flow
and non-flow pixels were used to derive a numberdefision trees corresponding to
different tree pruning parameters. As discussetiénprevious chapters, the non-flow pixels
were selected randomly from the area that is neémeal by the flows. The MEMO curves
(Misclassification error vs. the Minimum Observaisoper terminal node) were prepared to
identify the optimum decision tree model and thenprg parameters. For each decision tree,
the training error was calculated using 80% of dlaéga which participated in training the
model and the test error was calculated using éneaining 20% of data. Also, the full
dataset was used to assess the 5-fold (Way) cedsktion of each decision tree as another
measurement to compare the model performance. prtegng was not conducted beyond
M=2000 as the model error rises to 50%, which indanodel performance is not better

than a 50/50 guess.

The training, test and 5-fold cross validation esrevere plotted against the
Minimum number of cases per terminal nodé) (Figure 9.2). Unlike in the previous
chapters, these curves do not exhibit a propett pbiequilibrium. The point where the error
curves star to diverge is difficult to identify #seir trend is almost parallel to each other.
Therefore, the equilibrium point was selected i figion where the three error curves start
to drop rapidly before reaching the over-fit zondence,M=300 was selected as the best
trade-off compromise between modeler-fitting and under fitting To build the optimum
decision tree model and derive the rule-68t1 andM=300 were used as the See5 pruning

parameters.

The final model developed with the optimum modglliparameters has a 5-fold

cross validation accuracy of 83% and an Area Urtlewve (AUC) value of 91.8%. As a
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comparison, the 5-fold cross validation accuraay e AUC value of the WCC slide model

is 92.1% and 95% respectively.

Summarising the performance of the rule-s8lppe, Aspectand Vegetation
contributed to predict the landslide class of 97P6% and 58% of the training data
respectively (Appendix 5). These rules were apptedll study area pixels (7.6 million

pixels) and the landslide confidence of each pivat assessed.

27
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Figure 9.2. Optimum decision tree model selection

9.4 Comparison of attribute usage in slide and flow moellling

Comparing the attribute usage of the two slide fiowd category models for WCC
LGA, Slopehas appeared in both rule-sets contributing tesifla87% of the training data in
flow modelling and 42% in slide modelling. In battodels,Vegetatiorhas classified similar
amounts of training data and out of 10 input datgets, only three participated in the
classification process as listed in Table 9.1. Th&in reason for this is that the other

attributes have appeared at the bottom of thestreeture as they have not been identified as
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vital in pattern recognition due to the low conttilon towards classifying training data, and

hence they have been removed during the tree yahiase.

Table 9.1. Attribute usage of flow and slide catggoodelling

. Usage (%) Usage (%)
Attributes Flow Rank Slide Rank
Slope 97% 1 42% 3
Vegetation 58% 3 55% 2
Plan Curvature 0% 0%
Profile Curvature 0% 0%
Curvature 0% 0%
Aspect 70% 2 0%
Terrain 0% 0%
Wetness Index 0% 0%
Geology - 98% 1
Flow Accumulation 0% 0%
Training cases 7,842 65,462

9.5 Flow category landslide susceptibility zoning fortie Wollongong region

The threshold values for defining the susceptipiibnes were identified using the
performance curves (Figure 9.3). The distributidnflows in each zone (Table 9.2) is
compared with the recommended values given in tbdifiad Table 4 of AGS (2007)
included here as (Table 9.3). The susceptibilitydetiing of flows has classified 6% of the
Wollongong study area (approximately 45.8%kms high susceptibility. This area contains
58% of the known flows with a density of 0.5%. Timederate susceptibility class covers
nearly 4% of the study area (30.5%rand contains 23% of the flow population with @l
density of 0.3%. The area of low susceptibilitysslas 229 kn(30% of the study area) and

contains 18% of the flow population with a densify0.03%.

Table 9.2. Distribution of flows within the landdi susceptibility classes (pixel area)

)
Susceptibility | % ofthe | Area (knf) % of flow Area of % of zoned
. area effected
class study area  of class population | flows (knf)
by flows
Very Low - 1 60 458 1 ~0 ~0
Low -2 30 229 18 0.07 0.03
Moderate - 3 4 30.5 23 0.09 0.3
High - 4 6 45.8 58 0.23 0.5
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Almost 60% of the study area, approximately 458 Kmas been classified as very

low susceptibility containing 1% of the flow poptitan with a density of 0.001%. The final

flow susceptibility map for the WCC LGA is shownHigure 9.4.
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Figure 9.3. Performance Curve

Table 9.3. Revised Table 4 of AGS (2007)

Proportion of the landslide inventory category* or
Susceptibility descriptors proportion of the rock fall trajectories reachig t
zone
High susceptibility >0.5
Moderate susceptibility 0.1-0.5
Low susceptibility 0.01-0.1
Very low susceptibility 0-0.01

Notes

° *

the inventory category can be any landslide catedioe user defines, i.e. rock falls,

manmade landslides, large, medium or small flowglate category landslides based on any
project specific volume or inventory classificatiett.

e The number range used in the classification doéhaee to be set in stone, they are just a
guide. This range classification has been foundutigethis study.

The mapped outcome looks very reasonable and apgiephe percentage of

landslides included in the low category of the flowdel (Table 9.4) is greater than that of

the slide model and 8% higher than the recommende in the Table 9.3.
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The low susceptibility class of the flow model cowe80% of the study area
whereas in the slide model, the corresponding viald2.5%. The area of the very low class
of the slide model is 16% greater than that offiime model. Furthermore, the proportion of
the each susceptibility class affected by flow gatg landslides is lower than the

corresponding values of the slide category modtdaue.

Table 9.4. Comparison of the susceptibility desorgpof flow and slide category models

. Recommended % of landslides . % zoned ared
nggiﬁgglr';y as in Table 4(b) of LRM % landslides| % study arep effected
Guidelines flows | slides| flows| slides flows slidas
Very Low - 1 Otol 1 1 60 76 ~0 ~0
Low - 2 >1to 10 18 3 30 125 0.08 1.04
Moderate - 3 >10 to 50 23 20 4 3 0.8 209
High - 4 >50 58 76 6 8.5 0.5 38.8

9.6 Correlation between field assessment and the WCC L&model predictions

Using the flow category field validation points it the WCC LGA, extracted
from the field validation dataset discussedCimapter 3 (Table 9.5) the model results were
validated using the same procedure discussed ipt@h&, 7 and 8Each location in the
dataset was assessed in the field and numericaéwvailf 1 to 4 were assigned to represent
very low, low, moderate to high landslide suscelitjftrespectively. This field assessment is
compared with the average value of the model ptiedidor each location. The difference
(D) between the average value predicted by the memitbthe value assessed independently

in the field is plotted in the histogram shown igu¥e 9.5.

The valueD = 0 indicates the count for which the assessmmatsh. Results are
rounded to the nearest whole number. Almost 38%hefsites have average model results
the same as they have been assessed in the fieladditional 40%, have been assessed by
the computer model to be one susceptibility clasatgr (the model is conservative) than
that during the field assessment, and additionah@%obeen assessed to be two susceptibility
classes greater than the field assessment. A full@® have been assessed to be one

susceptibility class less than (the model is noiseovative) that during the field assessment,
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with a further 2%, two classes less than the falsessments.
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Figure 9.5. Difference between the field and maatklandslide susceptibility

Table 9.5. Field susceptibility assessment for §avithin WCC LGA

Field Assessment Count
Very Low Class 1 188
Low Class 2 174
Moderate Class 3 94
High Class 4 36
Total 492

9.7 Summary and conclusions

Slope, VegetatioandAspectare the main contributing data layers of the optimu
tree model. In the un-pruned tree structure, theratttributes have failed to appear close to
the main branches as they have not made a sigmificentribution to pattern recognition. As
the pruning parametévl increases, they have been trimmed-off from thesitmns at the
bottom. Considering the MEMO curves, even thoughrttodels corresponding to lower
values include a higher number of attributes, ti@esponding error deviation is higher as
they are brittle in making predictions. The rulé-serresponding to the optimum decision

tree is in Appendix 5.
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The optimum decision tree developed to model flogv fcategory landslide
susceptibility has a 5-fold cross validation accyraf 83% and an Area Under Curve
(AUC) value of 91.8%. These values are marginallydr than that of the WCC slide model.
The flow susceptibility model has classified neat$;8 kni (6%) of the Wollongong study
area as high susceptibility. This area contains B8%he known flows with a density of
0.5%. The moderate susceptibility class coversiyn@ax.5 knf of the study area (4%) and
contains 23% of the flow population with a flow dég of 0.3%. The area of low
susceptibility class covers 30% of the study a&29 (knf) and contains 18% of the flow
population with a density of 0.03%. Nearly 60% lué study area, around 458 %rmas been
classified as very low susceptibility and this aceatains 1% of the flow population with a

density of 0.001%.

Considering the combined results of high and mddesasceptibility classes of the
flow susceptibility zoning map, nearly 81% of tHews occur in 10% of the study area.
These values well exceed the requirements of th& AGM guidelines. The very low
susceptibility class includes the highest studwaned the number of recorded flows within
this class is the lowest. The results of the fieltidation show that the model has an overall
87.1% of conservative success and the corresponadihg for the slide model is 91.2%.
Thus it can be concluded that the flow categorycepisbility zoning outcomes may be
suitable for use as preliminary and perhaps uptermediate level susceptibility zoning for

local government development control plans wherbetter zoning information exists.
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CHAPTER 10: SITE 1756 CASE STUDY, THE OLD NORTHERN ROAD, CASTLE
HILL, SLIDE CATEGORY LANDSLIDE

10.1 Introduction

The main aim of this chapter is to present a castyf the Old Northern Road,
Castle Hill, Sydney landslide and develop two ameé dimensional models of the site.
Also, the related spatial and subsurface geoteahnidormation and monitoring data
obtained from several industry colleagues are pnéted and discussed in this chapter. The
large amount of borehole and test pit records alkglfor this site has enabled studying this
slope failure with the aid of a 3D model. Therefaanajor objective of this case study was
to develop a 3D stability model for this site. Thasdslide is the site 1,756 in the UOW
landslide inventory. Several geotechnical consglttompanies have conducted subsurface
investigations and some of this information hasnbealected during this research project.
Jeffery and Katauskas Pty Ltd and Roads and Maitervices have shared the information
that they have accumulated over the past few dsocailk the author including the stability
investigation reports, borehole logs, test pit Jogezometer readings and inclinometer
readings. The landslide monitoring data obtainedhfdifferent organisations were plotted
along with the rainfall data obtained from sev@afteau of Meteorology rainfall stations to

identify the relationship between rainfall, groumdter level and landslide occurrence.

An airborne laser scan (ALS) dataset covering thedslide site and the
surrounding area (an area of roughly 4kmwas obtained from the Land and Property
Information (LPI). This high density elevation pbicloud was used to develop a digital
elevation model (DEM) for the site. In additiongtthickness of the colluvium layer has
been identified from the borehole records and artGA® point shapefile has been developed.
This has been used to develop a TIN (Triangulaglitar Network) to represent the base of
the colluvium layer and taken herein to also regmethe slide plane. The TIN and the DEM
were used to develop two cross sections of thetgitonduct the 2D stability assessment

with the GeoSlope, Slope/W 2012 software. Moreof@rthe 3D stability assessment using
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the SVslope software, the TIN and DEM were usethasmain input grids. In 2D and 3D
model development phase, sensitivity of the ladddlo the variation of ground water levels
and residual shear strength parameters was analybedprocess is often referred to as a

Back Analysis.

10.2 Landslide mapping

The landslide site is located close to the Cadtl€tnllege, Sydney with the
eastern-most side of the landslide bounded by tdeNOrthern road (Figure 10.1). This site
is referred to as the Area K, Lot 1002 in the gelmtécal reports. Initially the extent of the
landslide was estimated by digitising the geo-eieed Soil Conservation Service of NSW,
1970's vintage maps. Then, the author, Dr Phil figeand a principal from Jeffery &
Katauskas Pty Ltd, Mr Bruce Walker, visited thiesin 8" of July 2013 and mapped the
landslide on site with the aid of a Trimble Geo Bxer 6000 DGPS (Figure 10.1 and Figure
10.2a). Also, another visit to this site was maate Mr. Warwick Davies on 190of March
2014 and his personal recollection of the receattieations of this landslide has been

extremely useful for this study and his ongoingmupis greatly appreciated.

A crack in the road’s pavement was noticed and estisd to be the back scarp
(Figure 10.2b) of a recent reactivation of the Hiu. A very old toe bulge, dissected and
eroded in some places was easily observable cothgarehe back scarp. Digital line
features traversing the back scarp, toe bulge lamthhdslide boundary were recorded along
with several landslide susceptibility point locaiso After the field visit, amendments were
made to the previously estimated landslide boundaoprding to the data collected in the
field. The main landslide polygon covers an areacofghly 130,216Mmwith an average
depth of 3m. This indicates a landslide volume®%,850n. In this study, it was decided to
consider only the southern area of this landslidenaicated by the Trimble track logs
(Figure 10.1). This part of the landslide coversaaga of 58,760frand the corresponding

volume is 92,300 The geology of the site includes the Ashfield ISt the Wianamatta
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Group which is exposed in the cutting of the OldtNern Road (Figure 10.2c) immediately

upslope of the site.

315983 316083 316183 316283 316483

315983 316083 316183 316283 316483

Figure 10.1. Case study location
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Figure 10.2. Castle Hill site visit
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Also, as described in the geotechnical reports, ghesence of Hawkesbury
Sandstone has been reported in test pit recordstiie western part of the landslide (J&K,
2004). The following description of the fill, collium and bedrock material has been
summarised from the borehole logs reported by deffied Katauskas, J&K (2004) and J&K
(2005). The well compacted fill comprises of shagmndstone and igneous gravel,
occasionally with shale cobbles and boulders. Tolendum is described as silty clays
varying from low to high plasticity and mottled @@lour. The residual soils mainly consist
of silty clays of medium to high plasticity with gular iron stone gravels and weathered
shale. Borehole records indicate a presence ohetibentally bedded fto 5) very low to
low strength weathered shale occasionally with skegms. The bedrock normally comprises

of horizontally bedded, high strength dark greyigrey slightly weathered to fresh shale.

10.3 Landslide susceptibility mapping

The Sydney Basin landslide susceptibility modekounte for this landslide site is
shown in Figure 10.3.The majority of the pixels, B8 within the perimeter of this landslide
have been classified as highly susceptible to rgidivith further 8.5% in the moderate
susceptibility class. Only 2% of the pixels haverbelassified as low susceptible to sliding.
Therefore, selecting this landslide site to condsite investigations has been justified.
Results of the previous chapters show thlapelargely contributes to the classification of
pixels. Therefore, the variation of slope has cdubke landslide susceptibility class to vary

within the same landslide.

10.4 Background and site history

J&K (2001) contains details of a landslide movemebserved within the Old
Northern road in 1973. This is the first documengsttience available for this landslide
being active in the recent past. According to thetgchnical reports J&K (2004) and J&K
(2005), this area was also identified as a landshg the Soil Conservation Services in

1975/76. These reports have also categorised dhislide as a slow moving or a creep
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category landslide based on the thesis producd® ByDewhurst in 1977 (not cited in this

research).
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Figure 10.3. Sydney Basin landslide susceptibitiydel for the Old Northern Road
landslide
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These reports also mention that several minor mewsnwithin the Old Northern
road have been observed by the Baullkham Hills éSbuncil since the first recorded

movement but documented evidence of this has rest beught out.

Figure 10.4 illustrates the engineering geologitaldel developed for this site
following the site visits. The height of the toddmiwas estimated to be up to 2m - 3m in the
field in some places. The toe feature of this liddswas estimated to be in the order of
5,000 to 20,000 years old. Being of this estimatge it has clearly suffered erosion due to
ongoing slope processes and anthropogenic fadtbesthree cross-sections shown in Figure
10.5 further indicate that the height of the tostdiee could vary between 3m and 8m. As per
the subsequent subsurface investigations, the reee lzas showed minor but inconsistent

movements during the time period between Octolir] 2nd October, 2012.

Also, in May, 2012 and September 2014 (under staibn) some major
movements in the rear main scarp have been rep(iieclissed in detail in the following
sections of this chapter). Given this history ofwvenments, several methods have been
proposed to stabilise this landslide and facilithtéure residential development work
proposed for this site (J&K, 2004, 2005). Currenttifis site is undergoing a major
stabilisation work known as the “big dig”, whichvirlves replacing all the material above
the slide plane with an engineered fill and cortdiom of a retaining wall to support the Old
Northern Road (J&K, 2011). It was noted that foistheason alone, it was accepted to

release the geotechnical information for this dadtesearch.

10.5 Castlehill landslide data

Landslide monitoring data discussed in the follaywections is available only for
the time after 2004 and a summary of this dathasve in Figure 10.6. In this figure, ground
water monitoring locations are grouped into 3 cati&g according to their proximity to the

identified toe, scarp or body (middle) areas oflgmalslide.
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Summary of these test locations, mapped scarpsosrdtation of the cross-

sections and the proposed landslide boundary wrshoFigure 10.7.

10.5.1 Test pit and borehole data

There are 36 boreholes and 91 test pit recordsaipary to the subsurface
investigations of this landslide. The X, Y locatoof these boreholes and test pits were
extracted from the geo-technical reports and mapgedshown in Figure 10.8. These
boreholes and test pits were placed during theogdretween 1982 and 2005, by Golder
associates, Jeffrey and Katauskas, Roads and Mari8ervices and Brink Associates.
During this period, at different stages, this dags used to carry out investigations to assess
the slope stability and propose stability methddem the geotechnical data available, depth
to bedrock/residual and colluvium depth were exé@d@nd summarised. Figure 10.9 shows
the distribution of colluvium thickness and fromisthdata the mean thickness of the
colluvium layer was calculated as 3m. Clearly, thgs were completed by different
individuals, from different companies across a arable time period. Therefore, some

inconsistencies must be expected.

10.5.2 Rainfall

Daily rainfall data has been downloaded from theeBu of Meteorology Rainfall
stations located at West Pennant Hills (067089)thiéan Avenue (06710) and Dural

(067086). The West Pennant Hills rainfall statisiocated 3.5km south of the landslide.
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Figure 10.9. Depth of the colluvium layer deriveonfi boreholes and test pits

The Dural and Kathleen Avenue rainfall stations meated 2.4km north and
3.5km west of the landslide respectively. Figurel@Oshows a daily rainfall histogram for
the period 1949 to 2014, together with cumulatigéydrolling curves for 3, 30 and 90 day

periods.

10.5.3 Inclinometer data

The distribution of inclinometer locations is shoimrFigure 10.11. Despite all the
borehole and test pits drilled and or excavateditm over the years, only six inclinometers
are available to monitor the landslide displacem&here are three inclinometers RMS1I,
RMS2l and RMS3I located towards the rear main seargp another three inclinometers
JKM2601, JKM2606 and JKM2611 located just abovettieearea of the landslide. RMS1I
(Figure 10.12) shows a cumulative displacement #flrdam over the period between
30/5/2012 and 4/7/2013 at a rate of 22mm/year.&kdhese records, the rear main scarp has
moved from 2mm to 16mm between 8/6/2012 and 141&26and another 2mm (a total of
18mm) by 26/6/2012. This data indicates that tleasplane has developed at a depth of 5m
below the ground surface. However, during this qerthe inclinometers, RMS2I (Figure
10.13) and RMS3I (Figure 10.14) have not showednaoyement.
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Figure 10.11. Inclinometer locations
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The boreholes located towards the toe have indicaggy minor movements.
JKM2601 (Figure 10.15), JKM2606 (Figure 10.16) akiM2611 (Figure 10.17) show a
cumulative displacement of 7.3mm, 5.5mm and 13mspeaetively over the time period
between 7/6/2005 and 17/04/2013 (8 years). Alsssdhinclinometer readings do not specify
a well developed shear plane at the toe area. Shednclinometer source data is not
available, above mentioned inclinometer plots Haae the vertical axis reduced to enhance
the identification of the probable shear planeguFé 10.18 illustrates the assumed location

of the shear plane at the toe area.

10.5.4 Pore water data

The distribution of Continuous Vibrating Wire Piezeter (CVWP) locations is
shown in Figure 10.19 and the ground water leveldvdd from the piezometer readings
were closely examined. The ground water level mfation collected from the JKM2607P
borehole shows sudden pore water pressure risggr€10.20). When these readings were
closely examined (Figure 10.21 and Figure 10.22n@lwith the rainfall data, it was
observed that these sudden peaks in the data latedrdo the significant daily rainfall
events. It is suggested here that this is likeljidates poor sealing of the borehole at the
ground surface allowing surface runoff into thedimie. The peak recorded on 30/5/12

aligns with the displacement recorded in the RM8dlinometer (Figure 10.22).

Figure 10.23 shows the ground water level and alidfiring the period in which
the inclinometers showed movements. The JK3 boeelsolocated on the road above the
landslide. It has a standpipe PVC piezometer (issta@t 12m) which is slotted from 6m to
12m and capped at 6m with a bentonite plug. Thdimga are not really landslide relevant
water levels, but upslope of where the landslidéewgroblem is. The piezometer of
JKM2607P is installed at 5.2m. This is located hedbw the landslide toe, in the shale. The
peaks in the data coincide with the high rainfakrs. This data is possibly of use but the

piezometer is not installed within the colluviumtergal and it is outside the landslide.
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The readings produced from JK7, are discussed enBilcrib report dated 17
March 2005, on page 15. However, we have no dathi® monitoring. The borehole JK9 is
well positioned in the head of the landslide, betbe road, near the northern section. This
data is available only from 2004 to 2007 and shomlg one good peak. This piezometer is

installed at 12m depth, in the bedrock and collmvat this location is up to 4m thick.

The borehole RMS2P is installed in the mid areahef landslide, at depth of
9.14m. It has produced data across the periodctihometer shear displacement and during
this time, pore water pressure has risen up to h8ow the ground level. The data from
JK1 and JK2 is acceptable but does not span athesperiod of inclinometer recorded

movement.

The RMS1I inclinometer data indicates few movementshe scarp area and a
well developed shear plane at a depth of 5m. Thaspbf the other inclinometer
displacement do confirm some limited displacemarine with landslide displacement, but

the displacement rates do not really support reguaasistent movement.
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With this limited amount of data, it is difficulbtdetermine what magnitude of
rainfall might trigger this landslide. However, cpaming the rainfall data with the available
inclinometer displacements, it can be observed t&at90 day antecedent rainfall greater
than 600mm closely aligns with the 17mm movemeoaonded in the RMS1I inclinometer.
The Intensity, Frequency, Duration (IFD) chartsvided by the BOM do not extend up to
90 days to derive a recurrent interval for thisfai event. However, the rainfall histograms
(Figure 10.10) indicate that 90 day antecedenfathihas exceeded 600mm nineteen times
over the period between 1949 and 2015 (66 yealsr€efore it can be concluded that this
90day rainfall of more than 600mm is closely redate a 1 in 3 years event and the
associated displacement is 17mm. Extrapolatirglimited data, the recurrence interval of
500mm (0.5m) and 3000mm (3m) displacement coulddbenated as 1 in 100 years and 1
in 500 years respectively and the correspondingd&@0rainfall thresholds are estimated as

1300mm and 1600mm respectively.

10.5.5 Summary

There have clearly been some episodes of activithé head and toe areas of the
landslide as indicated by the inclinometer datee §botechnical reports contain data of an
enormous number of boreholes (36) drilled acroedahdslide. This site can be taken as a
pretty good example of good intentioned monitoriHgwever, the records of the boreholes
that have stopped at or below the slide surfacenateavailable in the data collection.
Furthermore, the ground water pressure has nottorediover a depth interval focussed on
the slide surface. None of the piezometers havdumed a continuous dataset that extends
from the beginning to the present day. Also, sidfitdata is not available on the monitored
piezometric pressures of ground water within thiugimum layer. As a result of this, it has
been opted to complete the limit equilibrium anelysf the slide discussed in the following

sections usingR, conditions.

The failure mode of this landslide has been coms@lleas a transitional slide,
controlled by pore water pressure developed albegstide surface. Hence, the slide may
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well be essentially dormant at this time. It is ecigd to be episodically active during
periods of elevated pore pressure across the agite/dt is really difficult to determine what

magnitude of rainfall may trigger this with thignited amount of data. However, with the
available information, 90 day rainfall greater tr@@0mm can be considered as a rainfall

threshold for this landslide for a movement of 17(nn 3 years event).

10.6 2D stability modelling using Slope/W

As mentioned in the previous section, the pore m@atessure ratidy, (the ratio of
the water pressure at a certain depth and the weigthe soil at that depth) cannot be
derived directly from the ground water data avaddabHence, the limit equilibrium
modelling work has been conducted by considering fdifferent ground water profiles
relative to the colluvium’s thickness. The relasbip between the pore water pressure at the
base of a vertical slice and the overburden pressugiven by the following equation,

Ywhw
X vihi

Where
y; = unit weight of each soil layer in the slice
h; = the average thickness of each soil layer irstice

Ywhyw = pore water pressure at the base of the slice, 9.8 1kN/m

Ground water at four different levels calculatedaa$raction of the colluvium
thickness namely, 0, 1/4, % and 1 were used tolalefferent modelling scenarios (Table
10.1). An average value of 18kNInmas been used for the density of the colluvium.
Therefore, the resulting pore pressure coefficiembnsidered as an averaged pore pressure
coefficient (AR,). The maximum value oAR, is 0.545, given the unit weight of the
colluvium is 18kN/m. This value is corresponding to the fully satudatenditions where
the water level is at the surface, in other wotldg,depth to the water level is as same as the

depth of the colluvium at a given point.
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Table 10.1. Alteration of R, values

Water level as a fraction of the colluvium layer AR,
0 0
1/4 0.136
3/4 0.409
1 0.545

Availability of large number of (127) subsurfaceséstigation records allowed us
to develop a 3D model of the slide surface usirapgulation. Although, not being entirely
sure where the slide surface is, it has been asktortee at the base of the colluvium/top of
residual interface. The slide plane was partiallydeiled in GIS using the depth to the
colluvium derived fom the borehole and test pits records. A Triangul#tedyular Network
(TIN) was formed using these depths to producecthleivium/residual interface. The slide
plane was defined along this interface and amentimeare made in the areas where it
should reach the ground surface by looking at thgations of the terrain. Two cross
sections perpendicular to the contour lines wereeldped as shown in Figure 10.24
(throughJK4 borehole) and Figure 10.25 (througR14test pit) with an underlying bedrock
sequence. The slide surface on both was positifuigdwithin the colluvium sequence for
simplicity, 300mm above the residual interface.sTbrientation represents the direction in
which the slide is expected to move. The X and lies of these two cross sections were

imported into Slope/W software to develop two regioodels.

colluvium

Residual weat

Elevation (m)

3 7 17 27 37 47 57 67 77 87 97 107 117 127 187 147 157 167 177 187 197 207 217
Distance (m)

Figure 10.24. Cross section through JK4 borehole
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Elevation (m)

5 5 15 25 35 45 55 85 75 85 95 105 15 125 135 145 155 165 175 185 195 205 215 225
Distance (m)

Figure 10.25. Cross section through TP14 test pit

The limit equilibrium analysis of the factor of s&f (FOS) requires several
parameters including, angle of internal fricti@k), (cohesion(c), unit weight of the soil and

pore pressure coefficiemiR,).

J&K (2005) includes results of two direct sheatga®nducted for this site (Table
10.2). However, thg andc values that have been used for the stability @makeported in

J&K (2005) are different from the residual strengtlitameters derived from the lab tests.

Table 10.2. Lab soil test results (J&K, 2001)

BH1 depth 1.7m BH1 depth 3m
Effective residual friction anglg) | 9.2 3.5
Effective residual cohesigit) OkPa 3.9kPa
Description Silty clay of high plasticity Silty gfaof high plasticity

In this study, the sensitivity of the landslide wasted with a range af andc
values. TheARuvalues calculated based on four different grountemigvels are given in
Table 10.1. Considering =9 andc=0 as the lower bound shear strength parametetseof
slide debris, seven differegtvalues between 8 and 22 were tested for a&tvalue where
c=0kPa. Then, the soil cohesiar) vhich was kept constant at 0 was changed to & %Bkiel
3kPa to allow additional sensitivity analysis. metSlope/W and SVslope software, the
analyses were conducted using the Morgenstern ace Rethod, half-sine interslice force

function.

The results of the back analyses are summariséukifiollowing sections for 2D

(TP14andJK4 cross sections) and 3D analysis respectively. ARevalue 0.545 represents
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the fully saturated conditions which could be sanibo the ground conditions that caused the

2012 movement recorded in the inclinometers as asethe 1973 event.

10.6.1 TP14 cross section

The results of the 2D stability assessment offtR&4 cross section assumieg0,
IS summarised in Table 10.3 and Figure 10.26. Atrtfaximum ground water level=19
model has the FOS value closest to the criticallibgum and for the values greater than
=21, it is highly unlikely that a failure would aac The results obtained assumicwl.5
are summarised in Table 10.4 and Figure 10.27.eltesults show that the critical state has

been achieved gt=17, when the ground water level is at the grounthse.

Table 10.3. Back analysis sensitivity, TP14 craesgisn assuming ¢ =0

Ru 0 0.14 0.41 0.55
0=9 1 0.9 0.6 0.4
o=11 1.2 1 0.7 0.5
¢ =13 1.5 1.2 0.8 0.6
¢ =15 1.7 1.5 1 0.7
o=17 1.9 1.7 1.1 0.8
¢=19 2.2 1.9 1.3 1
9=21 2.4 2 1.43 1
25 — C=0, 9=
. @ @ @®9TP14
oo 11-TP14
@ ¢ $13-TP14
4 B 15-TP14
* Bk 17-TP14
2 — A—A—~A19_TP14
¥ e FK 21-TP14
A
= o
; @ [ | "
E + g A
i
+ *
1 T 72
< £ 3 L
1 (3]
- @
0.5 — - x
@
LI DN ' L ) LT (N Y P O L L IR
0 005 01 015 02 025 03 035 04 045 05 055

Figure 10.26. Back analysis sensitivity, TP14 cisesgtion assuming ¢ = 0

Pore Water Preassure Ratio R,
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Whenc=3, ¢p=15 gives the FOS closest to 1 (Table 10.5 andr€i0.28) and for
highero values, the model is stable. Under fully saturateaditions,y=17 andc=1.5 have

produced the FOS value closest to the criticalldgjiwm.

10.6.2 JK4 cross section

The results of the 2D stability assessment ofJ# cross section are summarised
in Table 10.6 and Figure 10.29 for0. At the maximum ground water levek13 model
has the FOS value closest to the critical equiitoraind for the greater values, it is highly
unlikely that a failure would occur. The results thie stability assessment conducted

assuming=1.5 are summarised in Table 10.7 and Figure 10.30.

Table 10.4. Back analysis sensitivity, TP14 crasgisn assuming ¢ = 1.5

Ry 0 0.14 0.41 0.54
0=9 1.1 1 0.7 0.6
o=11 1.4 1.2 0.9 0.7
=13 1.6 1.4 1 0.8
¢ =15 1.8 1.6 1.1 0.9
o0=17 2 1.8 1.4 ]
¢ =19 2.3 2 1.4 1.1
¢0=21 2.6 2.2 1.6 1.2
3 — C=45, 9=
® ® @9TP14
g dp R 11-TP14
90— 13-TP14
* [ 15-TP14
2] B g 17-TP14
L Fe—F—H 21-TP14
*
4
= 2 h
g 15 1 LN
4 Ao A
S
< * = :
1 = * *
& =
¢
» +
@
05 T ‘ T | T | T ‘ T ‘ T ’ T | T | T | T 1 T

o
i

0 005 01 015 02 025 03 035 04 045 05
Pore Water Preassure Ratio R,

5

Figure 10.27. Back analysis sensitivity, TP14 cisesgtion assuming ¢ = 1.5
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These results show that the critical state has bebieved whep=11 and FOS is

greater than 1 for the values higher than 11. Whex3, ¢=9 gives the FOS closest to 1

(Table 10.8 and Figure 10.31). Considering als¢gheombinationsy=11 andc=1.5 have

produced the factor of safety closest to 1 undigyr saturated soil conditions.

Table 10.5. Back analysis sensitivity, TP14 craesgisn assuming ¢ = 3

Ry 0 0.14 0.41 0.55
0=9 1.3 1.1 0.9 0.7
o=11 1.53 1.3 1 0.8
¢=13 1.73 1.5 1.1 0.9
=15 2 1.7 1.3 1
o=17 2.2 1.9 1.4 1.1
9=19 2.5 2.2 1.61 1.2
¢0=21 2.7 2.4 1.7 1.4
3
C=3, ¢=
@ ® ®oTPI4
b db gk 11-TP14
@9 ¢ 13TP1I4
25 B B @E15TP14
B 17-TP14
* A—A A 19 TP14
Yo Fo T 21-TP14
A
. 2
3 n
@
g < = *
E 1.5 —F- * e
] %*
® + . :
o . *
1 } g
L 2
° e
o
0s L L L I B B I B B B
0 005 01 015 02 025 03 035 04 045 05 055
Pore Water Preassure Ratio R,
Figure 10.28. Back analysis sensitivity, TP14 csmsgion assuming ¢ = 3
Table 10.6. Back analysis sensitivity, JK4 crosgier assuming c =0
Ry 0 0.14 0.41 0.54
0=9 1.4 1.2 0.9 0.6
0=11 1.7 1.5 1 0.8
¢ =13 2 1.8 1.2 0.9
o0 =15 2.4 2.1 1.4 1.1
0=17 2.7 2.4 1.6 1.2
¢ =19 3.1 2.7 1.§ 1.4
p=21 3.4 3 2 1.5
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Figure 10.29. Back analysis sensitivity, JK4 cresstion assuming ¢ = 0

Table 10.7. Back analysis sensitivity, JK4 crosgise assuming ¢ = 1.5

Pore Water Preassure Ratio R,

Ry, 0 0.14 0.41] 0.54
0=9 1.6 1.4 1 0.9
o=11 2 1.7 1.2 1
¢ =13 2.3 2 1.4 1.1
0 =15 2.6 2.3 1.6 13
o =17 3 2.6 1.8 1.4
0 =19 3.3 2.9 2 1.6
¢0=21 3.7 3.2 2.2 1.8
4
C=15 ¢=
@ @ @9k
do b b 11-JKd
3.5 &P 13K
O O 015 Jké
. B 17 JK4
A A A19-JKd
3 N fe e Fr21-JKe
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Figure 10.30. Back analysis sensitivity, JK4 crasstion assuming ¢ = 1.5

217



Site 1756 Case Study, the Old Northern Road, Cadgitleslitie category landslide ~ Chapter 10

Table 10.8. Back analysis sensitivity, JK4 crosgiee assuming ¢ = 3

R, 0 0.14 0.41] 0.55
0=9 1.8 1.6 1.2 1.1
0=11 2.2 1.9 1.4 1.2
¢ =13 2.5 2.2 1.6 1.8
o0 =15 2.8 2.5 1.8 1.5
o =17 3.2 2.8 2.2 1.6
¢ =19 3.5 3.1 2.2 1.8
=21 3.9 3.4 2.4 2
4
C=3 9=
@ @ @k
dh bk 11-JK4
35 & ¢ @ 13-4
* OB 15 JKk4
B B Er17_JK4
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Figure 10.31. Back analysis sensitivity, JK4 cresstion assuming ¢ = 3

10.7 3D stability modelling

A 3D stability model for this landslide was devetdpusing the SVslope software.
The Digital Elevation Model of the landslide sudaand the colluvium/residual bedrock
interface or the slide plane approximated by anfygar Irregular Network, were the main
input grids for this 3D model (Figure 10.32 andgife 10.33). The SVslope always assess
the landslide movement parallel to the x-axis. c8ithe landslide movement perpendicular
to the contours has been considered in this stindy,input data was rotated so that the
maximum slope direction is parallel to the x-asie TIN and the DEM were rotated 31
clockwise around the midpoint of the main crosdiseahrough the JK4 borehole. Figure

10.32 shows the ground surface in the 3D model.
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Figure 10.32. DEM grid in the SVslope 3D model
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Figure 10.33. TIN grid in the SVslope 3D model
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Figure 10.33 illustrates triangular features (Tthgt represent the top of the bedrock or base
of the residual layer within the demarcated lam#sthoundary. The Z values (height) of the
slide plane were modelled to be slightly aboveZhelues of the TIN surface and beyond
the landslide boundary, the values were modelleldetslightly above the respective DEM
values. Despite the high number of boreholes, @heldlide surface can still be seen to be
quite irregular. The Old Northern Road is runnimgnd mid of the lower boundary to the
mid of the right hand side boundary of the modevahin Figure 10.32 and Figure 10.33.
Similar to the 2D modelling, fully saturated comulis were consideredAR,=0.545) to
represent the ground water level at failure. Thekkenalysis results show that@at0 and

»=13 (Table 10.9 and Figure 10.34) model reachesritieal equilibrium whenR,=0.545.

Table 10.9. Back analysis sensitivity of the enredslide, 3D model assuming c=0

Ry 0 0.14 0.41 0.55
0=9 1.4 1.2 0.9 0.6
p=11 1.8 1.5 1 0.8
¢ =13 2.1 1.8 1.2 0.9
o0 =15 2.4 2.1 1.4 1
0=17 2.7 2.4 1.6 1.2
¢ =19 3.1 2.7 1.8 1.4
9=21 3.4 3 2 1.5
35
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3 9 133D
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Figure 10.34. Back analysis sensitivity comparigonfive differentp assuming c=0
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Whenc=1.5,¢ =9 (Table 10.10 and Figure 10.35 ) model has B8 Elosest to 1,

and forg values higher than that, the site is highly urljike fail.

At c=3, the model shows very stable conditions (Figu¥&6 and Table 10.11) and
the lowest FOS (1.235) value was recorded wpe®. As per this 3D model and all the
parameter combinations considered, the FOS cldégebtwas obtained at=1.5 andp=9,
hence can be considered as the most appropriadéenesar combination to represent soil

residual strength conditions

Table 10.10. Back analysis sensitivity of the enl@ndslide, 3D model assuming ¢c=1.5

Ry 0 0.14 0.41] 0.54
=9 1.7 1.5 1.1 0.9
=11 2 1.8 1.3 1.1
¢=13 2.4 2.1 1.9 1.2
¢=15 2.7 2.4 1.7 1.4
0=17 3 2.7 1.9 1.5
¢=19 3.4 3 2.1 1.7
p=21 3.8 3.3 2.3 1.9

]
w
|

Fsctor of Safety
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Figure 10.35. Back analysis sensitivity comparidonfive differentp assuming c=1.5
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Table 10.11. Back analysis sensitivity of the enamdslide, 3D model assuming c=3

R, 0 0.14 0.41] 0.55
0=9 2 1.8 1.4 1.7
0=11 2.4 2.1 1.6 1.4
¢ =13 2.7 2.4 1.8 1.5
¢ =15 3 2.7 21 1.7
o =17 3.3 3 2.2 1.8
¢ =19 3.7 3.3 2.4 2
0=21 4 3.6 2.6 2.1
4
S C=3 =
® ® @
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Figure 10.36. Back analysis sensitivity comparigonfive differentp assuming c=3

10.8 Summary and conclusions

The Old Northern road landslide has had an enormousber of boreholes and
test pits drilled and excavated. These facilitatedeloping both 2D and 3D models and 3D
stability analysis model for this landslide. Thés®eholes and test pits were placed across
the full extent of the landslide; thus, this wassidered as a great opportunity to model this
site in 3D. Unlike the high resolution DEM, the Tixsed colluvium-residual interface is
not a smoothly varying surface. Despite the largmimer of borehole and test pit records
available, the density of colluvium depth sourcentso (0.0021 points/f is still low

compared to the high density ALS point cloud whishs used to develop the DEM.
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However, increasing the number of boreholes or & per square meter is not
economically feasible in any subsurface investigagis it involves extremely high drilling
costs. An additional factor is the differing sowa@nd ages of the borehole data. This has

introduced a quality assurance issue that remainmeertainty for this doctoral research.

The stability analysis was conducted assumiiiy conditions instead of fully
specified piezometric lines due to the absencea#surements of the ground water pressure
and displacement taken at the depth of the slid@epl According to the back analysis
conducted with the lowest cohesion valge(), the JK4 2D model and the 3D landslide
model behave similarly with the variation @f. However, the 2D TP14 model is
comparatively less stable than the JK4 and 3D nsoddle JK4 and 3D models have FOS <
1 at higher ground water level&R.,=0.4 - 0.5) under low to medium values (8 -13).
However, TP14 2D model is less stable than therdihe models, even at lower ground

water levels.

When cohesion is further increased to 1.5, the 3ilehshows a higher FOS
compared to the JK4 2D model. This implies thatdfiadility of the entire landslide is higher
than that of a modelled cross section. At the marimmodelled cohesion value of 3, the
JK4 2D and the 3D models no longer fail at anyhaf tombinations of friction angles and
ground water levels. Therefore, it can be assurhatict3 is a higher cohesion value than

the average available value across this landslide.

In summary, the results (Table 10.12) show thatrder for a failure to occur, the
ground water level probably need to rise at leasbf¥the colluvium layers thickness,
assumingp = &, c=0 and more likely, the ground conditions shduédfully saturated under
assumed medium to low shear strength parameiers{- 13’ andc = OkPa - 1.5kPa) for a
failure to occur. The 3D model of the landslidegkly approximates the three dimensional
effects at a time of a failure event with the afdadully developed 3D landslide and slip

surface geometries. Therefore, the 3D model bgstesents this failure event than the
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individually modelled 2D cross sections. Thus, ed&sng the 3D model, at the maximum
ground water levelAR, = 0.545), the critical limit equilibrium is reachatheny = ¢ andc

= 1.5kPa. Therefore, these values can be considartie best representation of the residual
soil strength conditions. Considering the relatiopsetween the rainfall and the landslide
movement, this landslide could be triggered by @n&® or more 90 day antecedent rainfall
event and an event of this nature could occur oncevery 3 years and the anticipated
movement is around 17mm. The recurrence intervd@d0®mm (0.5m) and 3000mm (3m)
displacements could be extrapolated as 1 in 10&yea 1 in 500 years respectively and the
associated 90 day rainfall thresholds can be etgoimas 1300mm and 1600mm respectively.
These estimations are merely engineering geologioajective estimates, but plausible

given the nature of the available data on thisgtide.

Table 10.12. Summary of the 2D and 3D sensitiuitglgsis

Model R,when FOS > 1
0=9 |o=1T | ¢=1F [9=15 | =17 | 9=1F | g =21
c=0 0 <0.18 <0.3 <0.4 <0.48 <0.53 =<0.55
TP14 - 2D c=15| <0.14 <0.3 <0.41 <0.48 <0.55 =<0.55 =<0.p5
c=3 <0.3 <0.41 <0.49 =<0.5% =<0.55 =<0.55 =<0.b5
c=0 <0.3 <0.42 <0.51 =<0.5% =<0.55 =<0.55 =<0.b5
JK4 -2D c=1.5| <0.43 <0.55 =<0.55 =<0.5b =<0.535 =<0.55 =505
c=3 =<0.55| =<0.55| =<0.54 =<0.55 =<0.55 =<0.55 =805
c=0 <0.3 <0.48 <0.51 =<0.5% =<0.55 =<0.55 =<0.b5
3D c=1.5| <0.5 =<0.55| =<0.54 =<0.55 =<0.55 =<0.55 =805
c=3 <0.5 =<0.55| =<055 =<0.5% =<0.55 =<0.55 =<0.p5
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CHAPTER 11: SITE 229 CASE STUDY, THE MT KEIRA ROAD, SLIDE
CATEGORY LANDSLIDE

11.1 Introduction

The subject segment of the Mt Keira road has begracted by a number of rock
fall events and slide category landsliding of bo#tural and/or anthropogenic origins (rock
cutting and embankment failure adjacent to rockimglt. This landslide covers an area of
4,865n% and the volume relative to an 5m average deptbobfivium is 12,730rh The
Mount Keira road crosses the area affected bylahidslide and it has turned the road into a
‘roller coaster’ ride (Figure 11.1). This landslidigectly affects the road section between the
Archery bend and Lower Hairpin straight. Wollongddigy Council (WCC) owns the road
and the National Parks and Wildlife Service owns slurrounding bush-land. The cracks
along the road identified in 1995 (Flentje, 1998 #he first documented evidence of
instability of this site and since then, these ksacontinued to develop and spread. To
mitigate this ongoing landslide damage, WCC in 2@i2alled a trench drain for 220m
along the upslope side of the road pavement, yprtaleep. Due to this remediation works
and a series of other numerous events in the greapad was closed for number of months

during 2013.

Figure 11.1. Mt Keira road crossing the site 229
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The University of Wollongong and Wollongong City @wil have been
monitoring the status of two inclinometers and nrous standpipe piezometers within this
site periodically since 2000. In late 2013, som¢heke instruments have been upgraded to a
near real-time continuous monitoring system. At tBite, there are three inclinometer
boreholes, three vibrating wire piezometers (VWRY) GeoKon long range extensometers

and a pluviometer rain gauge with a 0.2mm buckiguie 11.2).

Site 229 CRTM Paole

- wind strength, direction, temperature
- baraometric pressure

- rain

BH2 Piezometer, vw, #3562 at 4.9m
- Inclinometer casing to 6.5m
- Shearing 4.5 - 5.0m

Ext2 Extensometer
- Along ground 20.6m 5SE

Mt Keira Rd

-

e

BH1 Piezometer, vw, #3564 at 4.3m
- Inclinometer sheared at 4.0m

*
&

BH3 Inclinometer casing to 6.0m
- Piezometer vw, #18143 at 6.2m

..._
?

Extl Extensometer downhole

Figure 11.2. Site 229 monitoring station web irdeg map
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11.2 Landslide mapping

This landslide is a geologically old and subtle pten feature and the boundary of
the affected area is not strikingly obvious in fledd. Dr Phil Flentje and the author have
visited the site on numerous occasions and triednterpret the landslide failure by
observing the features such as scarps, toe bulgeas with negative slopes, hummocky
terrain, water courses and small gullies. Tensmaicks on the main road that are widening
with time, indicated a movement even though thennteidslide features are still somewhat
hidden under the often thick vegetation. Step fdatures made of steep slopes and adjacent
flat terrains, even slightly back tilted areas, itating deep seated bulk material
displacement in the past. Dr Phil Flentje identifeesmaller graben structure adjacent to the
main road and this is regarded as one portionefahdslide scarp. The landslide boundary
was mainly mapped by identifying the terrain bebaw;j slope variation and water courses,
using the Trimble GNSS device. This landslide i%egy large slide flow type landslide of
the classic Varnes diagram. Further, the locatiminsock boulders which collapsed and
moved from the upper escarpment cliff line duringkr fall events and their volumes were
recorded. These features were then imported intGFS to overlay with other datasets such
as an ALS derived hill shade model, geology, watarrses and a field map was prepared
(Figure 11.3). This figure also shows the manykrags recorded by the Trimble device

during many site visits.

11.3 Landslide susceptibility mapping

The outcome of the Sydney Basin (Chapter 6) andlagbng (Chapter 8)
landslide susceptibility models corresponding te $ite 229 are shown in Figure 11.4 and
Figure 11.5 respectively. The Sydney Basin modsldiassified 95% of the site 229 pixels
as highly susceptible and 5% as low susceptiblethEry the Wollongong susceptibility
model has classified this area as 86% highly suide@nd 14% as moderately susceptible.

In general, both models have classified this areahimghly susceptible to sliding.
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The level of the Sydney Basin susceptibility moeleélfor this site is greater than
that of the Wollongong model. In order to produceoasistent result over a vast area, the
data mining rule-set of the Sydney Basin modelbieen developed in such a way that it is
more general in nature compared to the Wollongamg-set which is rather specific
concentrating more on the details of the WCC Ldgavernment Area (LGA) only. This is
the main reason which can explain why the SydnesirBanodel is more conservative than

the Wollongong model.

As, Dr. Phil Flentje has been involved in invedtiiga this landslide with the WCC
for about two decades, a large amount of backgraofmfmation about this landslide is
available for this research. Also, this site bekmhg the high susceptibility class as per the
Sydney Basin and Wollongong models. Therefore sitee229 has been selected to conduct
further site specific geotechnical investigatioasdescussed in the following sections of this

chapter.

11.4 Subsurface model

The location of the cross section is indicated hwy ted dotted line in the Figure
11.3. The magnitude of the slope moment and doederived from the inclinometer data is
shown in Figure 11.6. Initially, the direction dfet slope movement was very similar to the
direction of the maximum slope; hence, the crostigewas aligned accordingly. However,
the latest displacement data taken in end of Mays2hows that the movement direction
has possibly moved®&lockwise from the initial direction. It will benieresting to see if

future readings follow this trend.

The cross section (Figure 11.7) runs through thhehme GWMO002, perpendicular
to the contours (in the maximum slope directiorije Bection was prepared by extracting the
surface profile along the red dotted line from B¥EM using the ArcGIS 3D Analyst tool.
An interpretation of the slip surface was made tase the observed slip surface depth
derived from the borehole 2 inclinometer, the extimns exposed in the trench drain and

other field based observations (assumed locatidheohead scarp and landslide toe).
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11.5 Site Geology

Geology of this site has been mapped at a large ssaa part of the extensive
mapping of geology in the Wollongong region ovee tast 20 years by Dr. Phil Flentje
assisted by the writer over the last 4 years. $hesextends over four principal geological
formations (Figure 11.7); the Scarborough Sandst@®ms) is above the landslide, the
Wombarra Claystone (Rnw) in the middle and the @& Sandstone (Rnc) at the bottom.
The base of the landslide coincides with the elemadf the Bulli seam. The Bulli seam is
exposed in a deeply incised watercourse in thehs@gt corner of the site. The colluvium
layer consists of weathered and eroded bedrockriaate®m the escarpment, sandy gravelly
clays and some Hawkesbury Sandstone rock fragm&hesmapped rock boulders within

and upslope of the landslide area comprise of Halkey Sandstone.

11.6 Trench drain

The Wollongong City Council excavated a trench riai early December 2012
along the upslope side of the Mt Keira road pavanmenntercept and collect subsurface
water flowing down-slope (Figure 11.3, Figure 1amd Figure 11.9) and divert it to the
south-western end where it is then connected wrface drainage point via an outlet. This
drain was installed as an interim measure only it@ate ground water rises and hopefully
limit ongoing movement. This type of deep road ilrge has been installed with success at
other landslide sites in Wollongong by council gabinical engineers such as the site 113
landslide in Philip Street, Thiroul. This subsgdaground water interception drain has a
length of 220m and a depth of 4m. This trench dwaas lined with a geo-fabric to minimise
the ingress of clay particles into the drain. Tvesfprated 150mm diameter agri-drain pipes
were placed at the bottom of the trench as a passayg for the water while the rest of the
drain was filled with a coarse 70mm nominal diaméi@salt gravel material (Figure 11.8).
On the top, a concrete slab roughly 4m wide forne®rcrete gutter to avoid surface water

entering the subsurface drain. Whilst typicallwduld have been preferred to orientate such

235



Site 229 Case Study, the Mt Keira Road, slide cajelgmdslide|  Chapter 11/

trench drains parallel with the slope, property evghip required the drain in this instance,
to be installed parallel to the road, that is pedieular to the slope. The owner of the
adjoining land, The National Parks and Wildlife Bee of NSW denied permission for any

works to extend onto their property.

Figure 11.9. The exposed shear surface near tleeiése trench drain (5cm:4m)
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11.7 Landslide performance data

The site 229 monitoring station is equipped witlplaviometer, vibrating wire
piezometers, large range extensometers and inofitewe1to measure rainfall, pore water
pressure and ground displacement. Over many yesarse of these readings were taken
manually and in late 2013, an hourly continuousigged, near real-time system was
introduced. The site performance based on anabydisis data is discussed in detail in the

next section.

11.7.1 Rainfall

From January 2001 to the end of December 2004athimeasurements are taken
from the Bureau of Meteorology 068108 Pope’s RdaAdnoona rainfall station, located
8.7km north of the site 229. The University of VWoijong Mt Ousley Road site 144
continuous near real time monitoring station loda&3&m to the east provided the data from
beginning of 2005 to mid September 2012. From et & 2012 to end of 2013, the data
was obtained from the landslide site 268 locaté#trii.northeast of the site. Since late 2013,
this data was obtained from the in-situ, site 22@nfall pluviometer. Figure 11.10

demonstrates the cumulative rainfall over the pef000 to 2015.

11.7.2 Vibrating Wire Piezometers (VWP)

The vibrating wire piezometers are installed indbhmle 1A, borehole 2A and
borehole 3A which are located adjacent to GWMOOYNB02 and GWMOO03 respectively.
These instruments measure the pore water pressutiee ainferred colluvium bedrock
interface (shear plane) at a depth of 4.3m (1Am4(2A) and 6.2m (3A) where these VWPs
are installed as shown in Figure 11.11. The piezenuables are linked to a battery powered
and solar charged data logger which records hopdse water pressure. In addition,
approximately once a month, the Wollongong cityramuhas been measuring the height of
the water table manually in GWMO001, GWMO002 boreBalsing the stand pipe technique

since 28/01/2010.
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Over a year ago, after its drilling, GWMO0O03 borehalas included in this. In 2012,
the first two VWP’s were logged with a slope indaramini logger. They were also read in
2001-2003 but this data has been lost. Standpiggare water pressure measurements are
shown in Figure 11.12. Standpipe and VWP readings®ionally follow the same pattern.
However, compared to the hourly plot pore watersgpuees, standpipe readings taken
periodically (average once in three months) hawyced only an approximation to the

continuous ground water level variation.

Trench drain installation work spanned a period sefveral months, being
completed in early December 2012. It is importanhdte that continuous data for the year
2013 is not available as the continuous loggingesgscommenced logging in early 2014.
When the pore water data plot resumes in early 2hbte is a significant drop in values
compared to the values before the installation. @mng the highest pore water pressure
values before and after the installation, pore mptessure has dropped by nearly 70% and
83% at GWMO001 and GWMOO03 respectively. This is atsibected in the manual readings

collected by the WCC geotechnical team.

11.7.3 Inclinometers

Site 229 has three inclinometer boreholes namelyMB®1, GWMO002 and
GWMO003 as shown in Figure 11.3 and the details sanfmmarised in Table 11.1. The
inclinometer casing of borehole GWMO001l has compfetheared and a replacement
borehole, GWMO0O03, has been drilled 1.5m to the. ddst displacement readings are taken
manually at every 0.5m intervals using a manual R&€linometer probe. This data is then
processed using the Inclianalysis software andctiraulative displacement is presented
relative to the first reading. The displacememmisasured with reference to two directions,
axis A’ refers to the displacement in the downhill directivhere Ais upslope. The Baxis
is perpendicular to the slope direction,’ 9flockwise of A and the Bdirectionis 90

anticlockwise of the Adirection.
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Figure 11.13 shows the cumulative displacementimgadfor the GWMO001
borehole. From this figure, the depth to the sipésame can be read as 3.5m — 4.5m below the

ground surface. The top of the sheared sectioheo€asing is at 4.3m below ground level.

Table 11.1. Inclinometer readings and directiomofzfement from true north

Borehole Drill date First reading Maximum | Rate Depth to shear Direction
displacement | (mm/year) | plane

GWMO001 17/10/200Q0 0.27mm 73mm 12 4-4.5m 170.21

GWMO002 18/10/2000 1mm 51.4mm 3.4 4.5-5.5mm 178.72

GWMO003 22/05/2013 0.3mm 14.6mm 7.3 4-4.5m 166.75

The last recorded cumulative displacement, 73mm taksn on 1% November
2006 before the borehole inclinometer casing sldeesenpletely. In May 2013, the borehole
GWMO003 was drilled and an inclinometer casing westdlled to continue monitoring this
location (Figure 11.14) and the depth to the shptane as indicated by the readings is
similar to the previous one, 4m — 4.5m below grotlenkl| with only 15mm indicated to
date. The borehole GWMO002 has been drilled as#me time as GWMO0O01. The readings
for this borehole are shown in Figure 11.15 and gbesition of the shear plane can be
observed at a depth of 4.5m to 5.5m which sligtidgper than the reading derived from the

GWMO001 and GWMO003.

All three inclinometer profiles show very similareshanisms of failure, episodic
block style displacement with shearing at depth. IByking at the variation of rate of
displacement demonstrated in Figure 11.16, it igeqobvious that it has not remained
constant over the years. The borehole GWMO0O01 slomaximum displacement of 42.5mm
within 1.8 years (23.9mm/year) and an average ohri3in 6 years (12mm/year). The
maximum rate of displacement at borehole GWM002@WiMO003 is 12.8mm/year (9.5mm
in 9 months) and 13.5mm/year respectively (13.5nmmliyear). The average rate of
displacement at GWMO002 and GWMO0O03 boreholes ammi@/4gear (51.4mm in 15.5 years)

and 7.3mm/year (14.6mm in 2 years) respectively.

Whilst these rates show some variation, they dresslential within half an order
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of magnitude. The directions of movement as shawhable 11.1 are all similar within 12
degrees. According to Cruden and Varnes (19963, Ithidslide belongs to thextremely
slow velocity class (less than 16mm/year) based ormltleere mentioned displacement rates.
It is worthwhile that this information is comparedth the other available data to better

understand the factors and mechanisms involved.

11.7.4 Extensometers

Extensometers measure the relative displacemewebattwo points, ideally one
in the landslide mass that is moving and otheh@nfirm ground. Site 229 is equipped with
two GeoKon Long Range Displacement sensors, modi0 4extensometers. The
extensometers, Extl and Ext2 were installed inye20ll4, at GWMO0OL1 and adjacent to

GWMO002 boreholes respectively (Figure 11.17 andifeid.1.18).
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Figure 11.13. Cumulative displacement GWMO0O01 wisibbared in 2006
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Figure 11.14. Cumulative displacement GWMO003 whnels installed to replace GWMO001,

1.5m away
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Figure 11.15. Cumulative displacement GWMO002
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Following the GWMO0O01 borehole inclinometer beingeated off, the detached
lower part of the borehole (below the shear plaha}, been used as the anchoring location
for the first extensometer. The outer end of theeresometer cable has been fixed to the
stable part of the sheared borehole by concretingrechor in place as depicted in Figure
11.17. The extensometer device mainly consistsdofien which the nylon-jacketed stainless
steel cable is wound on. As the landslide moves,ditum turns and the wire reels off the
drum. The rotation of the drum is converted toredir motion by a steel screw which is
connected to a model 4450 vibrating wire displaggni@nsducer and this device measures
the linear motion. The temperature is also recorofeda thermistor installed within this
system. The displacement measurements produceddsg tinstruments are still being

reviewed until it is ensured that they are well enstibod for local conditions.

The extensometer manual provides a series of iegsatand calibration
coefficients to convert the frequency value (initdijgrecorded by the logger to a linear
displacement in mm and correct this value for terapee based on the displaced length and
the length of the full extensometer cable. Everrafjoing through this recommended
procedure for processing raw data, the final outeshmows a diurnal variation of 4-5mm in

association with summer daily temperature variatiaa shown in Figure 11.19 and Figure

11.20.

Figure 11.17. Extl- GWMO001
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Figure 11.18. Ext2 adjacent to GWMO002
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Figure 11.19. Extl down-hole displacement beforkadter correcting for temperature
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Linear displacement corrected for the temperature related elongation of the extension cable ‘
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Figure 11.20. Ext2 displacement before and afterecting for temperature

11.7.4.1 Relationship between time, temperature and dispiaoé

The landslide related displacement component otitta recorded during the time

period ranging from 01/01/2015 to 01/03/2015, isuased to be negligible as neither the

rainfall intensity nor the site behaviour indicatiehdslide movement during this period.

When these measurements were closely examineagsitolserved that there are significant

fluctuations in displacement over time and it ispgected that these are due to temperature.

T

herefore, the date/time versus the temperatureliapdr displacement were plotted to

identify the relationship between temperature angldcement.

Figure 11.21 and Figure 11.22 show that the vanabif displacement with time is

almost identical but reverse to that of the temijpeea Disregarding the temperature effect,

the variation of displacement with time should lmse to zero since there were no recorded

land movements during this time.
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Figure 11.21. Variation of Extl displacement armdgerature with time
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Figure 11.22. Variation of Ext2 displacement armdgerature with time

In order to calculate the change of displacementesponding to the change of

temperature, the ratio of displacement differenceero temperature difference

(]ad|/]At |) was calculated between every adjacent time staffesresults are summarised
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in the Figure 11.23. The highest number of valuesewvithin the range of 0.12 mfo/to
0.16 mmic for both Extl and Ext2 with an average of 0.19 /formand 0.2 mnit
respectively. It indicates that, on average, foergwunit temperature rise, displacement
reading decreases by 0.19/0.2 mm and for everyteimiperature drop, displacement reading
increases by 0.19/0.2mm. Therefore, to remove tisplatement distortion due to
temperature, the following equation (1) was forrtedia For the coefficienf|Ad|/|At ),
values between 0.12 mto/and 0.2mnfit were used to rectify the extensometer readings an

their variation against the time was observed.
d = djinear + (1Ad|/]1A0) (T — Tp) 1)

diinear — Displacement reading
T —Temperature at the time of the reading
T, — First temperature reading after the installation
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-0.04 0 0.04 0.08 0.12 0.16 0.2 024 028 032 -0.04 0 0.04 0.08 0.12 0.186 02 0.24 028 032
Ad/AT - Ext1 Ad/AT - Ext2

(a) (b)
Figure 11.23. Frequency distribution(@Ad|/|At|) for Extl(a) and Ext2(b)

As per visual observations, the level of distorsiovas at a minimum at 0.16 nfiav/
and 0.14 mnit for Extl and Ext2 respectively. The rectified ptisement curve shows

roughly a 3mm negative and 1mm positive displacénfienExtl and Ext2 respectively
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(Figure 11.24).
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Figure 11.24. Displacement before and after rdatify

11.7.4.2 Field experiment of the displacement

It is important to investigate the relationshipvbetn the actual displacement and
the instrument reading. To establish a better stdeding of how these extensometers
perform during an event, Dr Phil Flentje and théhauwent to the field and extended the

cables manually and took the reading which are samsed in Table 11.2 and Figure 11.25.

The field tested displacement values are greatan thOOmm to ensure the
extended amount of the cable is measurable ini¢he thut considering the history of this
landslide, movements of such magnitude are highhkely to occur. The direct readings
from the instruments and values corrected for teatpee are largely similar as the ambient
temperature was at a moderate level when the testcanducted. As per these results, the
readings derived from the extensometers and theated displacements are nearly three to

four times less than the actual displacement.
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Table 11.2. Readings of the field experiment

Manual Extl (mm Ext2 (mm)
displacement d dmanual drec D/ ci’ec d dmanual drec D/ ci’ec
D (mm)
100 29.98 28.9 28.32 35 33.54 28.98 31.15 3.1
500 141.47 140.54 140.04 3.6 171.23 167.12 169.6D 2
2000 488.18 487.26 486.76 4.1 481.415 477.38 479.82
D — Manual displacement
d — Displacement reading from the instrument
dmanua— Corrected for temperature according to the mianatructions
drec — Rectified displacement as per the equation 1
2000 2000
displacement displacement
o0—o0—o0d o0—o0—o0d
A d A d
+—+—+d_ +—+—+d_
1600 1600
1200 E 1200
E
800 2 800 /
/ /

1 2 3 1 2
Reading number Reading number

(@) (b)

Figure 11.25. Actual displacements and the instrumesadings for Extl (a) and Ext2(b)

The ratio D/¢l.represents the relationship between the actualadisment and the
instrument readings before and after correctingtéonperature. Overall, the magnitude of
the instrument reading is nearly 70% to 75% leas tifie tested displacement values. This

iIssue has been handed back to Geokon without lutiesoat the time of writing.

11.8 Elevation difference

There are 3 Airborne Laser Scan (ALS) derived DEMailable for this site. The
source data was obtained from Roads and Maritimmeices (RMS) in 2004, WCC in 2005

and Land and property Information (LPI) in 2013g{kfie 11.26).
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Source: Roads and Maritime
Services

Resolution: 2m

Acquisition: 2004, date
unknown

Source: WCC
Resolution: 1m
Acquisition: 23° May 2005

Source: NSW Government
Land and Property

Information

Resolution: 1m

Acquisition:13" August 20013
A large amount of elevation
points have been lost due to
the vegetation, hence the
triangular features

Figure 11.26. Available Digital Elevation Models
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Digital elevation models at 1m were prepared usthgse datasets. This
information was used to compare the past and prasemins and identify disturbances
possibly due to the landslide, if they were largeugh to be captured by the laser scans. The
dataset acquired in 2013 has many missing poiredalthe thick vegetation. Therefore, the
elevation difference for the time period 2004 - 2@hd 2005 - 2013 shown in Figure 11.27

and Figure 11.28 respectively have not been coreideccurate to derive any conclusions.

Figure 11.29 shows the elevation difference betw2@®4 and 2005 which has
been calculated by subtracting 2004 data from 2006e red areas represent a positive
difference which indicates an increase in elevatwimereas negative or blue areas indicate
subsidence. A rise in the toe area and a subsidanite scarp area, is anticipated in the
final outcome as an interpretation of the movenaming this period. However, the results
do not show anything obvious. Efforts have beenemadmodify our map by suggesting
some changes to the landslide boundary so thabitldvfollow the likely scarp and toe

features derived from this ALS difference analysis.

11.9 Relationship between data

The landslide cumulative displacement obtained frantlinometers and
extensometers are compared with the rainfall ane paater pressure data to establish a
connection between the landslide occurrence andritigering factors (Figure 11.30). The
landslide displacement as recorded by the manwdinameter profiles and cumulative
displacement plots show an increasing trend, ifficult to identify significant events
precisely due to the periodic nature of the moiitpr However, the recently installed
extensometers are intended to fill this gap indbming years. The segment of the graph
where the extensometer readings appear, was expdodgain a better insight into the
relationship between data (Figure 11.31 and Figar82). Considering only the magnitude,
extensometers show a 3mm and 1mm displacement M@N/and GWMO002 respectively,
over the time period between 15/01/2014 and 310%2 The inclinometer GWMO001

shows a displacement of 73mm over 6 years (200ID6)2
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¢ 2013-2004

m
— High : 10.1139

Low : -3.69562

Figure 11.27. Elevation difference between 201320Q#

-2005

2013

- High : 6.69666

Figure 11.28. Elevation difference between 201320@b
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Figure 11.29. Elevation difference between 200520Q#, and the proposed landslide boundary in hetdbBlack line
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Figure 11.32. Monitoring data for the period betw@814 -2015 with rate of displacement of the esbemeters
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The inclinometer GWMO003 adjacent to GWMO001 shows camulative
displacement of 14.6mm over 2 years (2013 - 20&8)5. mm over 14 years (2001 — 2015)
at GWMO0O02. These observations confirm the fact thiatlandslide is moving. It is however
difficult to isolate a single major event that aiimited to the cumulative displacement, due
to the periodic nature of the inclinometer monitgrti The sudden variations shown in the
extensometers readings with a magnitude of lessXhan, cannot be used as solid evidence
identifying a major movement since these instrumemed more time to settle in and

tension up.

When observing the rainfall data and the pore watessure, it is evident that the
spikes in the pore water pressure are associatbdtird 30 day rainfall curve. The highest
pore water pressure, 6kPa, was recorded at GWM@Othe 27/3/2015 during a rainfall
event of 4560mm as shown on the 30 day rainfall €uithis rainfall event has been the
highest 30 day rainfall for this period. During ghevent, the pore water pressure at

GWMO002 was only 1.2kPa.

Figure 11.31 and Figure 11.32 show four significat day rainfall events with a
magnitude greater than 200mm and the correspornmbng water pressure peaks. Thus, it
can be assumed that these four events contribigadily to the displacement over this
period of time. Out of these four events, two esentceeded 400mm 30 day rainfall and one
event exceeded 300mm 30 day rainfall. The maximisplacement recorded during this
period is 3mm. According to the studies conductpdai2013, Slaven (2013) reports that
300mm 30 day rainfall can be assumed as a threétotdis site. This threshold is the first
piece of information required to determine the fiirfrequency, which in turn can be used
to quantify the frequency of displacement, using HRD (Intensity, Frequency, Duration)

chart.

Bureau of Meteorology (BOM, 2015) has publishedes fonline tool to produce

IFD graphs for given coordinates (Figure 11.33)wideer, the time duration does not extend
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up to 30 days. With support from BOM HydrometeogylcAdvisory Service (HAS), the
IFD curves were extended to include up to 30 da#30lfdurs) and the rainfall intensity

curves as shown in Figure 11.34.
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During the one year period from January, 2014 twdsy, 2015 (Figure 11.31),
there had been two 30 day rainfall events above¥i®0and a total of 3 above 300mm. The
30 day rainfall of 300mm event is equivalent to20mn hourly rainfall and a rainfall with
this intensity over a period of 30 days is justolethe lin 1 year event curve as shown in
Figure 11.34. It can be assumed that the cumuldisacement recorded during this period
as per the extensometer readings is equivalenmécooo several minor landslide events and
this amount of displacement can be expected at l@ase every year with the above
mentioned rainfall conditions. From the extensometadings as well as the inclinometer
readings, a movement of 3mm can be expected on@aafrom a 30 day rainfall event
above 300mm. Considering the pre-2014 monitorirtg,dhe highest displacement of 20mm
was recorded at GWMOO1. This displacement is edgivdo a 1 in 15 years event and it is

associated with an above 400mm 30 day rainfall ieivefpril 2013.

From the observations mentioned so far, the recoerénterval of a 3mm and a
20mm movement is 1 in 1 year and 1 in 15 yearsesly. The recurrence intervals
corresponding to 500mm (0.5m) and 3000mm (3m) mevesncan be extrapolated as 1 in
400 years and perhaps 1 in 2400 years respectiVely. IFD rainfall per period curves
(Figure 11.35) can be used to determine the 30diayail threshold of several recurrence
periods. Assuming a log relationship between dweirence interval and the 30 day rainfall
as illustrated in Figure 11.36, the 30 day rainfaliresponding to a movement of 0.5m, a 1in
400 years event can be extrapolated as 1520mmla8imia movement of 3m could occur

possibly every 2400 years and the associated 3@adiall may be up to 1840mm.

11.10 Stability analysis

The two dimensional stability model of this landsliwas developed using the
SlopeW software to examine the past conditionsriiat have lead this slope to fail. Also, it
is important to analyse the conditions that cowddse a similar failure in the future. This
analysis has also been used to analyse the perioentd the trench drain and the effect that

this will have on the critical conditions.
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Figure 11.36Log extrapolation of the 30 day rainfall overugence interv:

The axis of the cross sectidevelopedto model this landslide runs through
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borehole GWMO002 perpendicular to the contour linepresenting the direction of the
maximum slope. This straight line was used in AR® extract the elevation information
from the DEM to prepare the cross section. Theldéptthe slip surface from the ground
surface was obtained from the borehole GWMO002 apasures in the trench drain and it is
assumed that this slip surface essentially follakes colluvium-bedrock boundary. The
landslide boundary information mapped in the fiefals incorporated into the cross section
to determine the points of intersection of the gibwsurface with the slip surface. For

simplicity, the modelled shear surface was assuiméd entirely within the colluvium layer.

Based on the triaxial compression test conductedaoroil sample by the
Wollongong City Council and the information avalin the UOW landslide inventory, the
peak soil parameters for the colluvium layer amégtibn angle, ¢ = 23° — 25° and
cohesion = 4kPa — S5kPa with a unit weight of 18kN/fh These parameters were used to

analyse a first time failure event of this landslid

Since there are no records of the threshold gravetgr level that induces slope
failures, the average pore pressure coefficigdR,) method of analysis was used to
simulate the failure under different ground watenditions. The relationship between the
pore water pressure at the base of a vertical ahdethe overburden pressure is given by the

following equation (2).

WhW
“= T @

Where

y; = unit weight of each soil layer in the slice
h; = the average thickness of each soil layer irstice
Ywh,, = pore water pressure at the base of the sljce, 9.81kN/ni

An average value of 18kNArhas been used for the density of the colluvium.
Therefore, the resulting pore pressure coefficdembnsidered as an averaged valig,,).
Four different ground water levels relative to theight of the colluvium layer were

considered. The respectid®,, value for each ground water level is shown in TA4le3.
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Table 11.3. Alteration of?,,

Ground water level relative to AR
the colluvium thickness u
0 0

1/4 0.136

3/4 0.409

1 0.545

In order to establish the conditions that may hexisted at the time of the failure,
a back analysis sensitivity of the factor of safletyhe variation of pore water pressure and

peak and residual soil strength parameters is ggken

11.10.1Peak strength conditions

A peak strength first time failure analysis wasriear out to identify the ground
water conditions which could have initiated thestfiground movement. Peak colluvium
strength parameters were tested by keeping onenptea constant while varying the other
and vice versa. Several iterations of the stabdibalysis were conducted using orderly
combinations of\R,,, ¢ (23° — 25°) andC (4kPa — 5kPa) values (Table 11.4, Table 11.5,

Figure 11.37 and Figure 11.38)

The combination o€ = 4 andyp = 24 produced the FOS value which is closest to
1. Under those conditions, the slip surface hasodstnated a failure at an elevataR,
value of 0.65. The equivalent height of the watdumn is 5.84m which is greater than the
height of the colluvium layer by 0.94m. Therefoassuming that the lab based peak soil
strength parameters are accurate and the moverasnideurred along the selected failure
surface, the first time failure has occurred whas goil was fully saturated. The equivalent
head may have been developed due to the hydraadiductivity within the bedrock from
upslope. Such elevated ground water pressures alle dacumented elsewhere in the
Wollongong area (Leventhal et al., 2000). Anothgplanation would be saturated soll
conditions accompanied by horizontal acceleratisgspeiated with seismic activity. If this
landslide is perhaps very old, 10,000 years, perteagn 100,000 or 200,000 years old,

another possible alternative could be that the gdignof the slope has changed so much that
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our modelled geometry is no longer valid for thetftime failure scenario.
Table 11.4. Back analysis sensitiviGs4kPa

Ru Phi=23 Phi=24 Phi=25

0 2.4 2.5 2.6

0.1 2.1 2.2 2.3

0.4 1.5 1.6 1.6

0.5 1.2 1.2 1.3

0.7 1 1 1

3 C=4 g¢=

o o o0
—t—+24
A—A—A 25

Fsctor of Safety

25

1.5 —

0

005 0.1

015 02 025 03 035 04 045 05 055 06 065

Pore Water Preassure Ratio R

Figure 11.37. Back analysis sensitivity comparigoder peak strength, C = 4 kPa

Table 11.5. Back analysis sensitivity, C=5kPa

Ry Phi=23 Phi=24 Phi=25
0 2.5 2.6 2.7
0.1 2.2 2.3 2.4
0.4 1.6 1.6 1.7
0.5 1.3 13 1.4
0.7 1 1.1 1.1
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Figure 11.38. Back analysis sensitivity comparisoder peak strength, C = 5kPa

11.10.2Residual strength conditions

Referring to the known history of landslide moveméncan be assumed that the
shear plane is experiencing residual strength tiondi at present. Different modelling
scenarios were considered for orderly combinatimneesidual friction angle between 43
17° and cohesion, 0 kPa - 3kPa. The highest pore wpatssure recorded from GWMO002
during the time period considered is equivaler®.#®2m. It is also observed that during this
time GWMO002 has not picked up any significant walevel information. However,
GWMOO01 has records of high water levels and thesel$ were used for this study. The
highest water column recorded from GWMOO1 is 2.0#me, correspondingRu is 0.227.
Further, ARu values of 0.136 and 0.545 derived from ground wéteel to colluvium
thickness ratios of ¥4 and 1 were considered wasthyodelling. The results are tabulated
in Table 11.6, Table 11.7, Table 11.8 and furtiestrated in Figure 11.39, Figure 11.40

and Figure 11.41.

The residual frictional angle of 12ind cohesion of 1.5 kPa produced a FOS of
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0.991 which is the closest value to 1AR, of 0.227. Therefore, these parameters were
considered appropriate to approximate the residtr@ngth conditions. These residual

strength parameters were used to model the lamdstiability using piezometric lines to

approximate the ground water conditions.

Table 11.6. Back analysis sensitivity, C=0kPa

Ry Phi=13 Phi=15 Phi=17
0 1.2 1.4 1.5
0.136 1 1.2 1.3
0.227 0.9 1 1.2
0.545 0.5 0.6 0.7
2_
C=0,0=
*r ——¢13
h—h—a 15
—a—u17
2:.
@
&
5
5
i
i L U T T T T BRARERE
0O 005 01 015 02 025 03 035 04 045 05 055 06 065
Pore Water Preassure Ratio R
Figure 11.39. Back analysis under residual stter@t0 kPa
Table 11.7. Back analysis sensitiviGs1.5kPa
Ru Phi=13 Phi=15 Phi=17
0 1.3 1.5 1.6
0.1 1.1 1.3 1.4
0.2 1 1.1 1.3
0.5 0.6 0.7 0.8
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Figure 11.40. Back analysis under residual strer@i.5 kPa

Table 11.8. Back analysis sensitivity, C=3kPa

Chapter 11

Ry Phi=13 Phi=15 Phi=17
0 1.37 1.557 1.784
0.136 1.204 1.364 1.528
0.227 1.093 1.236 1.381
0.545 0.705 0.786 0.868
2 —
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Figure 11.41. Back analysis under residual strengt3 kPa
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11.11 Modelling with fully specified piezometric lines

A piezometric line was developed to model the gtbumater conditions
corresponding to the recorded highest pore watesspre of 20kpa and &R, of 0.227.
AssumingAR, is constant at this value throughout the slope, glound water level was
calculated based on the colluvium thickness (4.8s¥hown in Figure 11.42. The FOS for
this model is less than 1 (0.992) and indicatesilare. Therefore, this landslide is likely to
move under the maximum ground water level recorishethe past, as indeed the data

confirms it does.

20

v | 1 | | L | | I | I | | I |

%0 380 370 ) ) 400 40 ) a0 4 450 450 ) 480 w0 500 510 520 =0 B 50 0 B s

Distance (m)

Figure 11.42. Piezometric line corresponding tq, aff0.227

11.12Modelling of the Trench Drain draw down

The expected although entirely estimated drawdowrthe water table after
installing the trench drain has been modelled asvehin Figure 11.43. The drawdown
highlighted by the shaded area in Figure 11.43=m®ed the FOS to 1.018, an increment of
2.6% over the previous model. The drawdown ofgtend water level due to this trench
drain has been quite positive, although it haseadd a very modest improvement in the

FOS.

11.13Summary and conclusions

The Mt Kiera Road is one alternative road to the Rrincess motorway, Mt

Ousley Road.
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This major road is always subject to heavy traimditions, with approximately
50,000 vehicle movements per day, it is the maad rconnecting Sydney and Wollongong.
More importantly perhaps, it is a major connecti@tween the Port Kembla Harbour and its
associated industries in the south-western Sydmgystrial hub. The landslide site 229 has
been identified as an existing threat to the Mtr&ié&koad users. Thus, a continuous
monitoring station has been established on sitewtige supervision of WCC and UOW to

closely monitor this landslide and provide timelgmitoring of ongoing displacement.

The Sydney Basin and Wollongong slide categorydhde susceptibility models
classify this area as highly susceptible to slidimbe research work and investigations
highlighted in this chapter have identified raihfahd associated elevated ground water
levels as the main triggering factor for this ldid#s A trench drain has been installed by
WCC as a mitigation measure to reduce excessivandravater. This will be effective
during heavy rainfall events to reduce the poreewptessure rises. From the VWP readings,
it is evident that there is an important reduciiopore water pressure levels after installing
this trench drain. However, its effect on maintagna low piezometric level and maintaining
a FOS greater than one during extreme rainfallnly bmited. Ongoing movement at this

site can therefore be expected under extreme ¢onslit

The periodic inclinometer readings since the itesi@h of the trench drain do not
indicate any significant movements of the landsliolet there is a cumulative displacement
of 51.4mm recorded from GWMO0O02 borehole over nedflyyears at an average rate of
3.4mm/year (maximum rate, 12.8mm/year). It mushbid these are the early days for the
new inclinometer GWMO0O03. A displacement of 14.6mmswhowever, recorded from this
borehole over two year period at an average rate7.8mm/year (maximum rate,
13.5mml/year). The borehole GWMO0O1l which is no laondenctioning showed a
displacement of 73mm over 6 years at a rate of 1/3een (maximum rate, 23.9mm/year),
before it sheared off. This landslide can be d&sbunder theextremely slowelocity class

of Cruden and Varnes (1996) based on these moditm@/ements over nearly 15 years.
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The monitoring system on site has now been upgradea near real time system, two
extensometers show a cumulative displacement afyn@mm and 1mm over the last year
and whilst this is very early results for thesdrimsients, they cannot really be considered to
have been well ‘seated in’ yet. The failure evehtg have contributed to this displacement

are very minor.

With the previous periodic monitoring and recenthgtablished continuous
monitoring, it is still difficult to provide a prése interpretation of the relationship between
rainfall and displacement. With the data availald@,day 300mm antecedent rainfall is
considered as a rainfall threshold for this sitef@mm movement (1 in 1 year) and 400mm
for a 20mm movement (1 in 15 years). Further, @xiaing the relationship between
displacement, rainfall and recurrence interval, 3@eday rainfalls required to cause 0.5m
and 3m displacements are 1,520mm and 1,840mm tesggcand the corresponding
recurrence intervals extrapolated from the IFD deerare 1 in 400 and 2400 years

respectively.

The peak and residual strength parameters fositishave been determined from
the back analysis as = 24, C = 4kPa andy = 13, C = 1.5kPa respectively. The trench
drain has contributed to increase the FOS by 2 68thas been successful in providing pore
pressure rise mitigation within the slope undertighest pore water condition monitored so
far. However, landslide movement can be expectethiatsite in the future with heavier
rainfall events. The in place monitoring system Wé able to alert of such movements with

email and SMS alerts once the thermal variabilitthe extensometers is corrected.
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CHAPTER 12: SUMMARY AND CONCLUSIONS

12.1 Landslide inventory

Chapter 3 outlines the enhanced landslide invergtnycture of the NSW based
landslide inventory which has been developed asrd @f this research. The landslide
alphanumerical database structure has been reddsigom the inventory developed by
Flentje (1998) in order to allow users to contitmoecompile the available records in detall
across a range of categories and to facilitategtbesth of the inventory for the next 5 to 10
or more years. However, efforts were taken to ltadhe detail as opposed to a complicated
database structure by developing a not too cumbersetate-of-the-art database structure.
Flentje developed the inventory between 1993 arg8 Ehd at the end of his PhD work it
included 323 landslides. At the commencement of BhD research program, it contained
1522 landslides. As of August 2015; the spatidgaloase now includes 1840 landslides in
total, 1435 slides, 273 flows and 132 falls actbgsSydney Basin. It is estimated that these

represent only 10% of the total landslide poputatiothe Sydney Basin.

The landslide cost dataset structure has also foeemlated (Chapter 3) as a part
of the enhanced landslide inventory structure. Temelslide costs within the Wollongong
region have been considered when developing thasdaand the same framework can be
further implemented to document and analyse thdslate related costs across the wider
Sydney Basin. A simple set of calculations indicéiat these costs for a relatively small
number of landslides in the Wollongong area add topan annual expenditure of
approximately $5 million AUD since 1950. This c@stmainly borne by the local and state
governments every year due to the landslide relal@chage. An expenditure of this
magnitude suggests that the attention and intéorenf state or perhaps federal government

is required to better manage this problem at statkeor national level (Flentje et al., 2011).

12.2 Landslide Data Mining (LSDM) toolbar

The ArcGIS Add-In Landslide Data Mining (LSDM) tdi@r developed during this
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research as discussed in Chapter 4, has clearlyordgrated its ideal suitability for
application in landslide susceptibility modellingthvlarge scale, high resolution datasets
including, the NSW landslide inventory and GIS lehdata layers across the Sydney Basin
study area. The LSDM toolbar is comprised of simmowmnd buttons and executes both GIS
and data mining tasks from within the ArcGIS enmireent. Without a tool of this nature, it
does take several months to execute the tasksvewoh the model development and to
produce their subsequent outcomes. Developmehifdolbar has been a major aim of this
research project. This LSDM toolbar has now beeau uspeatedly to model slide and flow
susceptibility numerous times across different gtagtas using various parameters, different
datasets at different scales. Thus, it has enablednvestigation of many aspects of this
research and facilitated the timely completionha$ PhD project. This toolbar has enabled a
comprehensive analysis of what is the optimum rdgol for this type of landslide
susceptibility modelling work. The internationagsificance of this element of this work

cannot be overstated.

12.3 Optimum pixel resolution

Assembling and preparing data was one of the mzatienges of this project and
in particular the landslide inventory. Efforts hakileen made to extract accurate terrain
variables, ground hydrogeology parameters and ggofoom the available datasets by
conducting the modelling work at an optimum pixe$alution. Following the research and
analysis of the optimum pixel work resolution dissed in Chapter 5, the best performing
model was clearly identified as being producedhat 10m pixel resolution. These results
indicate that the 10m pixel resolution has beernagtfor this study based on the inherent
properties of the input data and the modelling riesple being employed. Based on the
properties of the ALS data, pixel sizes equal teess than 2m adequately represent the ALS
DEM and pixel sizes less than 15m adequately reptdbe landslide inventory. However,
the model at 10m resolution was successful in ngakiredictions because it was the most

effective pixel resolution to represent the lantislprocesses governed by the characteristic
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terrain morphology of the study area. At this ratioh, the landslide inventory has been
sufficiently represented cartographically and thpraximated terrain variation had the most
effective information to model the landslide prams Therefore, all the input GIS data

layers used in the subsequent susceptibility mimdgiere prepared at 10m resolution.

The delta §) ratio parameter introduced in Chapter 5, aideteb understanding
of the pixel resolution that has been employectlation to the average landslide area of the
landslide inventory, given the landslide inventoontains sufficient number of records. The
d ratio parameter has been proposed to compare tioellimg rigour. At the optimum
resolution of 10m, the landslide inventory consgdiein Chapter 5 producedavalue with a
magnitude of 1.5 and the corresponding value feMiollongong landslide inventory is 0.8.
It has been proposed that the recommended magrofuthe 5 value for this type of work

should ideally be as close to 1.5 as possible.

12.4 Landslide susceptibility modelling

The mechanism of the slides and flows certainlydléhemselves to spatial
modelling based on the inventory but probably et tock falls. The slides and flows are
contained features within the respective affectexh ainlike the differentiable source and
run-out areas of the rock falls. Also, the numblethe slides (1435) and flows (273) in the
landslide inventory clearly dominate the numberfaifs (132). With the LSDM toolbar
developed and with a year or so of collecting lidds across the Sydney Basin, the slide
category landslide susceptibility model was devetbpAs this model was a success, the
same methodology was tested to model the flow caye@ndslide susceptibility across the
Sydney Basin using the flows in the inventory. Timsdel also produced some interesting
results. A new ALS dataset for the northern pathefWollongong Local Government Area
(LGA) became available a few months after thesen8ydBasin models were finalised.
Therefore, both slide and flow category landslideceptibilities were modelled across the
Wollongong LGA with a more focused dataset. The [dfgong DEM is largely composed
of ALS datasets and the respective geology datasesists of 32 geology classes as opposed
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to the 212 geology classes in the Sydney Basiroggalataset.

In this thesis, MEMO (Misclassification Error vs.iddmum Observations per
terminal node) curves have been introduced to ddrae pruning parameters to produce less
complicated rule-sets with enhanced predictiveguerénce. The five-fold cross validation,
another measurement of the misclassification eromercomes the limitations of data
availability to a greater extent and aids the $&laof the equilibrium point of the MEMO
curves to derive the most consistent generalisedeim@he pruned decision tree and the
rule-set corresponding to the equilibrium pointtieéd MEMO curves present an optimised
trade-off or compromise between model over-fitting and undéinfit This also identifies
the most appropriate feature combination and tHatioeship between the landslide

occurrence and contributing factors.

The structure of the pruned decision tree depemdshe informative patterns
extracted from the input datasets. Thus, the relevaf the input factors and the relationship
between the input variables and the landslide oenge derived from the tree structure is
unique to each data set. This enables decisionniaziels to approximate the relationship
between landslide occurrence and input variablaspeehensively and as precisely as
possible to suit the individual modelling scenads. a result, the order of relevance of the
landslide causative factors and their contributiowards modelling the susceptibility of
slide and flow across different study areas vdiies one model to another. The attribute
usage of the slide and flow models for both thengydBasin and Wollongong modelling are

summarised in Table 12.1.

The effect of the landslide to non-landslide tnagnipixel ratio on the model
performance has been investigated in Chapter 6niduel derived from a balanced training
dataset has been shown to be successful in cliaggifgndslides with a higher degree of
confidence than other models. As a result, this ehtdis outperformed all other models

produced from class imbalanced training datasetsnwhlfilling the requirements of the
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AGS (2007) guidelines. Therefore, the use of arzad dataset which consists of an equal

number of negative and positive training points esn justified.

Table 12.1. Attribute usage in slide and flow médgl

Sydney Basin Sydney Basin Wollongong Wollongong
Attribute slide flow slide flow
Usage | Rank | Usage Rank Usage Rapk Usage Rank
Slope 26% 2 100% 1 42% 3 97% 1
Vegetation - - - - 55% 2 58% 3
Plan Curvature 0% 39% 2 0% 09
Profile Curvature 0% 26% 3 0% 0%
Curvature 10% 4 26% 3 0% 0%
Aspect 13% 3 16% 5 0% 709 2
Terrain 0% 14% 6 0% 0%
Wetness Index 8% 5 12% 7 0% 0%
Geology 99% 1 - - 98% 1 - -
Flow Accumulation 0% 0% 0% 0%
M | 3,200 | 400 | 400 | 300

The slide and flow category landslide susceptibiiatasets for the Sydney Basin
and the Wollongong LGA show that the See5 based daihing approach has been
successful in meeting the modified AGS (2007) Tabtebjectives introduced herein (Table
12.2). The categories or distribution of landsligees (small, medium, large, anthropogenic
etc) within any inventory reported using this maatif classification need not be specified as
a part of this table, but can be reported as prggpecific as required. This proposed

simplified classifcation is used throughout thiedis.

The Sydney Basin slide category landslide sudoiéiptimodel classifies 10% of
the study area as high to moderate susceptibititycntains 93% of the slides within these
two zones. The Sydney Basin flow category landstidsceptibility map captures 50% of
our inventory in just 15% of the study area, anéb686f the inventory in 28% of the study
area. The Wollongong slide susceptibility modelssiies 11.5% of the study area as
moderate to high susceptibility and these two elsg®ntain 96% of the slide inventory. The
moderate and high susceptibility classes in theladgbng flow susceptibility map contain

81% of the flows and cover 10% of the study area.
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Summarising the model performance, the Sydney Bsigle model has a 5-fold
cross validation accuracy of 92% and an AUC of 9T¥We 5-fold cross validation accuracy
of the flow model for the Sydney Basin is 77.3%thvan AUC value of 81.7%. The
Wollongong slide model has a 5-fold cross validat@curacy and an AUC value of 92.1%
and 95% respectively. The 5-fold cross validatioousacy of the Wollongong flow model is

83% with an AUC value of 91.8%

Table 12.2. Modified Table 4 of AGS (2007) for thisdy

Proportion of the landslide inventory category* or
Susceptibility descriptors proportion of the rock fall trajectories reachig t
zone
High susceptibility >0.5
Moderate susceptibility 0.1-0.5
Low susceptibility 0.01-0.1
Very low susceptibility 0-0.01

Notes

« * the inventory category can be any landslide categioe user defines, i.e. rock falls,
manmade landslides, large, medium or small flowglale category landslides based on any
project specific volume or inventory classificatiett.

 The number range used in the classification do¢haee to be set in stone, they are just a
guide. This range classification has been foundubigethis study.

12.5 Comparison of modelled susceptibility with field asessments

A technique for field validation of the modelledssaptibility outcomes has also
been presented in this thesis. Using the termdadibn” in modelling suggests that there is
in fact a correct answer to determine which is §mmot the case. A methodology was
developed to compare field assessments with mabeliedictions and to evaluate these
comparisons. This field assessment was initiallyied out as a field validation exercise.
However, the field assessments were often difficaiid the subjective aspects of even
experienced workers making relatively quick (3G@locations were recorded during each
of the field days) field assessments of complexddtide susceptibility issues were
highlighted during this exercise. However, thediassessments have been extremely useful
in calibrating the model, particularly in the idication and delineation of susceptibility
zone boundaries. Also, this method is capable séssing the performance of a landslide

susceptibility map using a dataset which is entinetlependent of the data that is used for
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model development. The Sydney Basin slide modelotsinated 90% conservative success
while the flow model demonstrated 67% success m fibld validation. Further, the

Wollongong slide and flow models demonstrated 9128d 87.1% conservative success
respectively in the field validation. These resuate summarised in Table 12.3. The field
validation results show that the modelled suscéiyilzlass of many field validated points

concur with the field assessment or are one ordlasses higher in susceptibility than the
assessments made in the field. This conservatigeoiethe models is encouraged in this
study as the domain reported on herein deals watirigzards where false-negatives are

least desirable due to significant attendant risks are likely to be associated.

Table 12.3. Assessment of model performance

M 5-fold accuracy AUC Field validation
Sydney Basin slide 3,200 92% 97% 90%
Sydney Basin flow 400 77.3% 81.7% 67%
Wollongong slide 400 92.1% 95% 91.2%
Wollongong flow 300 83% 91.8% 87.1%

12.6 Susceptibility distribution across the Sydney Basin

Analysis of the landslide distribution among LGAshows that landslide
inventories will always remain incomplete and regquiegular amendments when new and
revised information become available. Developing araintaining a NSW or a nationwide
landslide inventory would require funds and consiiee amount of time to extract landslide
information from a multitude of sources and conddicect field mapping. Any landside
inventory should be updated every 5 years or s@ftar every major rainfall or where
applicable after seismic events (Flentje, et @11). Considering the landslide inventory
developed thus far for the Sydney Basin (64 LGA'srasent), there are no recorded slides
in 40 LGA'’s and no recorded flows in 57 LGA’s. #of great importance that this inventory
is maintained into the future by interacting witie focal and or state governments. This will
enable additional iterations of the susceptibititydels to further develop, as well as validate

the existing zoning outcomes. Even if no formaleintory exists within the respective local
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governments, it is hoped that planning and or eseging staff may know of specific sites
and or selected geotechnical reports etc that nghtight relevant landslide issues. If this
information can be extracted, this inventory carupdated to reflect this new information,

and thereby facilitating the iterations of new sibility models.

12.7 Case studies

Chapters 10 and 11 are site specific landslide csiedies i.e. presenting
background histories, developing subsurface mdoeded on available data and conducting
limit equilibrium geo-technical stability analysi®r two representative slide category
landslides in our inventory. While the other chamtesscuss the progress of the GIS based
landslide susceptibility model for the entire Sygrigasin, these case studies present a
methodology to conduct site specific landslide spsbility assessments. Results show that
the rainfall and the subsequent pore water pressge are the main triggering factors for
these Sydney Basin landslides. Modelling conductgdg peak strength parameters show
that a first time failure has occurred when the w@is fully saturated or at elevated excess

(effective head above ground level) ground wateddmns.

The OId Northern Road landslide (Chapter 10), 4ifé56 is a slow moving
transitional landslide with a volume of 204,550mhis site has been classified as highly
susceptible to sliding by the Sydney Basin landsBdsceptibility model. A movement of
17mm reported in mid 2012 was associated with da§0rainfall event of more than 600mm
and this event was estimated as a 1 in 3 yeard.dvdras been estimated that the 90 day
rainfall needs to exceed 1300mm and 1600mm in cmeause 500mm and 3000mm of
displacement respectively and the estimated rggariod of these events are 1in 100 years
and lin 500 years respectively. During the stabiissessments, this landslide was better

represented by the 3D model than the individuahiilels.

The Mount Kiera landslide (Chapter 11), site 228 dide flow type landslide with

a volume of 12,730 This site has been classified as highly suscdeptibsliding by both
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Sydney Basin and Wollongong landslide susceptbititodels. This landslide has moved
3mm responding to a 30 day rainfall of more tha@r3f (1 in 1 year event) and a 20mm
movement was associated with a 30 day rainfall ofemthan 400mm (1 in 15 years event).
A displacement of 500mm and 3000mm can be anteipdtthe 30 day rainfall exceeds
1520mm and 1840mm respectively. The correspondeéayrrence intervals have been

estimated as equivalent to 1 in 400 years anderézdn 1 in 1000 years respectively.

Considering the regional spatial landslide susbéjtyi models, rainfall intensity
has not been incorporated in the modelling workhasdata is hugely variable in nature and
extremely difficult to predict. Instead, the grouhgdrogeology parameters such Few

AccumulatiorandWetness Indelave been used.

12.8 Conclusions

This thesis presents the first iteration of the ri&yd Basin wide landslide
susceptibility modelling endeavour over and abdwe ggroof of concept model reported in
Flentje et al. (2007) and Flentje, et al. (2011jisTthesis introduces the modelling
techniques and software tools developed by theoauthfacilitate future iterations of this
work. These landslide susceptibility maps can liesed to identify the zoned susceptibility
in each local government in the absence of angbgtiormation. For example, despite the
lack of landslide records, the landslide suscejitibassessment of 23 local government
areas show that more than 30% of their land isepidite to either flow or slide category
landslides at a moderate to high level. It is afidation of the lack of landslide information
in the landslide inventory in major parts of thedB8gy Basin where the landslide hazard

could be much higher than it is currently antiogoht

The development of slide and flow category landslisusceptibility zoning
provides a seamless coverage over 64 local govertisméhich are considered to be useful,
where no other information exist for local govermtse at regional to local advisory level

for land-use planning programmes. It is proposed this information may in the future be
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provided, for a nominal license fee, to local goweents and or the NSW Government
Department of Planning and Environment in exchdiegdandslide inventory information.
The author and the others in the LRT, look forwewdworking with local governments
across the Sydney Basin over the coming years énvisaged that this information and
future iterations would greatly enhance the adaptaif landslide risk management practises

across the Sydney Basin.

12.9 Recommendations
12.9.1 Landslide susceptibility and cost

A simple costing model has been proposed hereirs fipe of model should be
considered when entering data into the inventonafty landslide. A more rigorous method
could be developed to assess and report the ldadslated costs as a part of the landslide
inventory. Certainly more attention should be gitethis aspect of landslide reporting. This
information could then be integrated with the ldigs susceptibility maps to convey the
potential landslide related expenditure in accocdarwith the level of landslide
susceptibility. The availability of cost relatedpexses will provide a strong foundation in
building political and economic support for futuemdslide research and risk management

planning support.

12.9.2 Landslide total susceptibility

A necessary extension of this research will beamlane the existing slide and
flow susceptibility and rock fall modelling to assethe total landslide susceptibility of an
area. The applicability of this methodology is nteing investigated by Martin (2015)
using the slide and flow susceptibility models dssed herein and an additional rock fall
susceptibility map developed for a smaller aredniwithe Wollongong LGA. Within this
study, all the susceptibility scales have been eded to a range 0 to 1. With this modified
scale, the fall, slide and flow susceptibilitiesvabeen combined and for each pixel,

maximum and mean values of four different susceéjpyiltlasses have been formulated. The
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individual slide, fall and flow susceptibilities agell as the maximum and average total
susceptibilities have been queried with respectdoh cadastral parcel. Using only the
maximum or mean susceptibility to interpret theat@usceptibility grid would be difficult

and confusing. Therefore, the individual landslm#egory susceptibilities should also be
taken into consideration and displayed along witle mean and or maximum total
susceptibility to facilitate a better decision sopipjudgement of the landslide total
susceptibility of a pixel or a cadastral unit. Qudesign of this total landslide susceptibility
inventory output has already been identified as @omdesign challenge. This work is
currently ongoing and the first"4year engineering thesis outcome on this topic bl

available by the end of 2015.

12.9.3 Landslide hazard and risk zoning

Deriving landslide hazard and risk from the lamtislsusceptibility map would be
the next major development of this research. Thedikide hazard map is the second step

towards deriving the landslide risk. Following etijolas define the landslide risk.

Landslide Risk = Py X Element at Risk X Vulnerability X Amount
(1)

P (temporal probability) = 2)

return period
Py - relative annual likelihood of landsliding

A methodology has been proposed by Flentje, e{28111) to derive landslide
hazard by overlaying the details of the landsliteentory and assessing the landslide hazard
corresponding to each susceptibility zone using @&niques. The boundaries of the
hazard zones presented in Flentje, et al. (20ELyianilar to that of the susceptibility zones.
Further, Flentje, et al. (2011) have displayedd&ide inventory information including,
volume, profile angle and recurrence on the ladddtiazard map. They have calculated the
relative susceptibility of each hazard zone by radising the proportion of the hazard zone

affected by slides. The relative susceptibilityezfch zone upon the time duration of the
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landslide inventory defines the relative annuatlitkood of landslides for each hazard zone

(Flentje, et al., 2011).

Casini et al. (2011) have developed landslide lthazps for Monte Albino, Italy
based on the modelled landslide distance and rtn-Qwerlying a detailed building map on
a corresponding hazard map, Casini, et al. (20a%¢ lderived the hazard intensity for each
building and the corresponding vulnerability, oe ttiegree of loss, using the predetermined
vulnerability curves, tables and matrices. Thessghbent risk analysis has been subdivided
into three types, Individual risk, Societal riskdaBconomic risk. The two main elements of
calculating risk, the vulnerability and the annpebdbability of occurrence of a hazard have
been incorporated or derived from the above meadorulnerability analysis and the

landslide return periods respectively (Casini,let2911).

The development of vulnerability maps over a vastadike Sydney Basin, would
be a great challenge due to the lack of informatiegarding elements at risk and the
relationship between the landslide hazard intereity damage. Therefore, populating this
data as a part of the landslide inventory wouldatiyeenhance the future vulnerability
assessments. Vichon et al. (2011) present concegtiiodology and tools that could be
adopted in assessing vulnerability. Within thesgadnining is identified as an effective tool
that can be used to interpret the relationship eetwhazard and damage. Further research is

required in this field to ensure practical and cozhensible assessment outcomes.

In addition, the comparison of the susceptibilitgnes developed during this
research with the existing tools used by respedifsd'’s is essential to identify where any

gaps or inconsistencies in the landslide manageprettcols exist.
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1.1 University of Ballarat (UOB) and Mineral Resourdesmania landslide databases (MRT)

KEY

SPATIAL DATA

Monitoring Stratigraphy, Lithology,
and Structure

Network

Inspection
Information

0
' GLOBAL TABLE :

Damage

“ :GH_DAMAGE_POINT
o
[ GH_LSLIDE_POLY ] [ GH_LSLIDE_POINT ]

Spatial Layers

:— -------------- ! TETTTEmmEEEEeT I- -------------- ] l- -------------- 1
i R E ' GH_CODE "o GEM_CODE . e PARTY :
Cornments table linked toall | | o .0 ."“"“ -""""_"-"_ ----------------
data tables in all modules Authority Tables (used by fields in data tables)

Movement
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1.2 The detailed data model for MRT LS database

GH_FORM_LITHOLOGY
GH_ROCK_FORMATION PK LITH_ID SH_AND_UEE
PK  [USE_ID
PK EORM_ID. FK1,11 |FORM_ID
GH_DAMAGE LITHOLOGY
= FK111 [LANDSLIDE_ID CONDITION EKLL|INSEAD GH_MORPHOMETRICS
SO RTACEREON PK [DAMAGE ID STRATIGRAPHIC_ORDER WEATHERING - LANDUSE
! 5 T GH_LS_DAMAGE FORMATION_NAME FRACTURE COND GH_WATER_UTIL PK |MORPH_ID
PK [aiD DAMAGE RCODE TORE™
ACTUAL_DAMAGE le——|PK.FKL [DAMAGE ID MIN_THICKNESS FRACTURE_COMMENT PK 10 DEPTH_FORMER
FK1 |DAMAGE_ID CAUSE MAX_THICKNESS FK1 -
UFI - SEVERITY ‘ AVG_THICKNESS - M 'TNVSPPEJD DEPTH_MEAS
[ DAMAGE_DATE_START BOUNDARY_TYPE UTIL_STATUS A
CREATED_ON DAMAGE_DATE_START_QUAL DESCRIP GH_DEFECT = C_T_DISTANCE
RETIRED_ON DAMAGE_DATE_END MAIN_MEDIUM PK DEFECT ID .
LOCKID DAMAGE_DATE_END_QUAL INVOLVED AREA_TOTAL_GROUND
11 |SHAPE CASUALTIES DATE_RECORD EK1.11 |INSP_ID AREA_TOTAL_MAP
LIKE_GREAT_SOCIAL_DAMAGE QA_LEVEL 7 rveE + AREA_ROOT_MAP
DAMAGE_DETAILS X C_F_LENGTH
° - x GH_INSPECTION C_F_DISTANCE
DIRECTION
Y PK INSP_ID -«
DATUM TN AL DEBRIS_PRESENCE
DEBRIS_VOLUME
ACCURACY GH_FORM_STRUCTURE MOISTURE FK14 |LANDSLIDE_ID DEBRIS_OVER
LOCATION_INFORMATION DEFECT_STATUS INSPECTION_TYPE DEBRIS_|
ENTER_D PK STRUC_ID WIDTH 1 INSPECTOR RIS_REPOSE_ANGLE
11 |ENTER_USER LENGTH START_D DRA_METHOD
LAST_UPD_D FK1,1 |FORM_ID DEPTH END_D DRA_SCALE
12 [LAST_USER TYPE AZIMUTH DATE_ACCURACY DRA_CONTOUR_INTERVAL
LAST_UPDATE_BULK DIRECTION pIP SCALE DEBRIS_AREA
DAMAGE_SOURCE HEAVE CONTOUR_INTERVAL DEBRIS_UNSTABLE
DAMAGE_START_DATE_MOD THROW QA_LEVEL ELEVATION_CROWN
DAMAGE_END_DATE_MOD UPTHROWN_SIDE ENTER_D ELEVATION_FOOT
orleR . 12 ENTERUSER ELEVATION_TOE
LAST UPD D TONGUE_PRESENT
~USER TONGUE_LENGTH
GH_LS_NW 13 LAST_U -
== #V—W -4 LAST_UPDATE_BULK TONGUE_WIDTH
PK,FK1 [LANDSLIDE ID T L BEDE 3 < MINOR_SCARP_PRESENT
PK.FK2 |NW_ID - HEAD_SCARP_PRESENT
PK |LANDSLIDE ID E_Gom HEAD_SCARP_HEIGHT
= _LCRRPH HEAD_SCARP_DEPTH
LANDSLIDE_TYPE PK MORPH_ID HEAD_SCARP_TYPE
FK1 |PARENT CREST_CROWN_DISTANCE
U1 [NAME FK1,11 [INSP_ID NUM_SLIP_SURFACES
SOURC_METHOD SLOPE_ANGLE GH_CORR_MEASURE TRAVEL_ANGLE
LOCATION METHOD = = TRAVEL_ANGLE_METHOD
GH_LSLIDE_POLY GEOLOGICAL_SETTING SLOPE_TYPE PRMEAS 1D SCALE
v PK GID. GH_LSLIDE POINT GEOMORPH_SETTING UNIRFORM_LATERAL_TYPE CONTOUR_INTERVAL
GH_MONITORING_NW — = X UNIFORM_GRADIENT_TYPE FK1 |INSP_ID LEN_DISPLACE_MASS
= = FK1,11 [LANDSLIDE_ID PK Slb Y NON_UNIFORM_SLOPE_TYPE DESCRIPTION
PK |NW_ID UFI DATUM THRESHOLD_ANGLE SLIDE_DRAINAGE_PRESENT
3 FK1,11 [LANDSLIDE_ID ACCURACY ALE MEASURE_DATE
CREATED_ON UFI POSITION METHOD CONTOUR_INTERVAL MEASURE_TYPE
NETWORK_TYPE RETIRED_ON 4 SKETCH_EXISTS MEASURE_FUNCTIONAL
NETWORK_STATUS LOCKID CREATED_ON SKETGH SCANNED FAIL_DATE
CONTACT_PERSON 2 HAPE RETIRED_ON QA_LEVEL FAIL_DATE_MODIFIER
MANAGEMENT_AUTHORITY POLY_TYPE LOCKID STATUS FAIL_DATE_QUALIFIER
START_DATE = 12 SHAPE ENTER_D
- G
EEE?DDUE DATE N VT e
_DUE_ LAST_UPD_D PK VEG_ID
MONITORING _INTERVAL 12 |LAST_USER
ENTER_D LAST_UPDATE_BULK FK1,1 [INSP_ID
ENTER_USER = VEG TYPE
LAST_UPD_D =
LAST_USER
LAST_UPDATE_BULK GEN_CODE GH_CODE GEN_PARTY
PK,I1 [IYPE PK |IYPE PK_[PARTY 1D
PK.,I1 |CODE PK |CODE 't wame
" NAME e Fii | PREVIOUS PARTY_ID
DESCRIPTION DESCRIPTION N
n PARENT PARENT ENTRY_D
n ORDERING ORDERING Heneen s
Geohazards Module data structure. Compiled by Colin Mazengarb STREET_NUMBER
14 November 2006 Sos0Rs
STATE
COUNTRY
POSTCODE
CO_PERSON_NAME
COSTREET NUMBER
CO_ADDRESS
co suBURs
COTSTATE
CO_COUNTRY
CoPOSTCODE
;
FA
EMAIL
COMMENTS
QA_LEVEL
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1.3 The UOB detailed database model
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1.4 SEE grid landslide inventory

SECTION 1: BASIC
IDENTIFICATION

Reporter's details

Name

Free text field

Organisation

Free text field

Address (optional)

Free text field

Phone (optional)

Free text field

Email (optional)

Free text field

What is being reported:

New failure event

Update event

Not stitkis can be done on the online

form? - ie: How can a user update something

they have entered previously over the web?

Type of event

Landslide

Karst subsidence

Mine related

Submarine slide

Cave-in

Heavy erosion

Each is part of a single dropdown menu

Related landslide ID

Free text field

Investigation type / Data
source (?)

Geotechnical investigation
or geotechnical report

Brief field visit (walkover)

Media report

Aerial photo interpretation

Published map

Anecdotal

Published report or
referenced paper

Other (unspecified)

Each is part of a single dropdown menu, by
‘Other (unspecified)' might link to a free text
field??

Date of interpretation /

Day, Month, Year

Pop up calendar to select the day, month,

investigation year.

Location State Dropdown based on Gazetteer oraifhil
City Dropdown based on Gazetteer or similar?
Suburb Dropdown based on Gazetteer or similar?

Street Name (optional)

Free text field

Street Number (optional)

Free text field

Postcode

Dropdown based on Gazetteer or similar?

LGA area (data layer?)

Dropdown based on Gazetiegata layer?

Geographic Location
Description

Free text field

Location Description

Free text field

SECTION 2: POSITION

Capture method

GPS measurement

Map located

Reported location

Aerial photograph

Place name search

Satellite imagery

Surveyed

Location edited by GIS

Each is part of a single dropdown menu, by
‘Other (unspecified)' might link to a free text
field?? What are your thoughts on how
other/unspecified/unknown etc is used in
databases?

—
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methods

Other
Unknown

Position Latitude Numerical
Longitude Numerical
Easting Numerical
Northing Numerical
Datum Dropdown
Projection Dropdown

Position description

Do we have a program to canbherse to a

common one, to provide ppl with the choice
of entering any type of georeferencing?

Positional accuracy

accurate

Is there a smarter way to get these details

approximate

using other information listed (ie:

doubtful

investigation type etc). Each is part of a sin

diagrammatic

dropdown menu, but 'Other (unspecified)'

unknown

might link to a free text field??

J

...or any number and unit of
measure instead?

Comments

Free text field

Upload file with location

Browse folder to attach
documents

Upload capability

SECTION 3: DATE OF FAILURE

Date Year Dropdown
Month Dropdown
Day Dropdown

Comments Free text field

SECTION 4: LANDSLIDE DETAIL & CLASSIFICATION

- Repgsentative style of movement

Landslide Material

Rock

Earth (or soil)

Debris

Fill (new vocab)

Cut (new vocab)

Each is part of a single dropdown menu

Landslide Movement

Fall

Topple

Slide

Spread

Flow

Deep-seated (new vocab)

Shallow (new vocab)

Each is part of a single dropdown menu

Rate

Extremely rapid

Very rapid

Rapid

Moderate

Slow

Very slow

Extremely slow

Describe

Each is part of a single dropdown menu

Water Content

Dry

Each is part of a single dropdown menu

Moist
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Wet

Very wet

State

Active

Reactivated

Suspended

Inactive

Each is part of a single dropdown menu

Distribution

Advancing

Retrogressive

Widening

Enlarging

Confined

Diminishing

Moving

Each is part of a single dropdown menu

Style

Complex

Composite

Multiple

Successive

Single

Each is part of a single dropdown menu

SECTION 5: REGIONAL SETTING

Land cover

Barren

Landscaped garden

Parklands

Logged

Forest

Rainforest

Wet sclerophyll forest

Dry sclerophyll forest

Plantation

Scrub

Crop

Pasture

Vineyard or orchard

Burnt

Other (modified for
residential/industrial
purposes)

Each is part of a single dropdown menu

Landuse

Parkland

Rural

Residential

Forestry

Industrial

Each is part of a single dropdown menu

SECTION 6: SOURCE MATERIAL - DETAIL / GEOLOGY / LIHOLOGY

Source material type

Rock

Earth or soil (includes
engineered)

Dominant source lithology

GA's existing lookup table
for geology

Use a good dataset for this information
instead of capturing it

Character

Hard

Soft

Structurally complex
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Degree weathering

Intact

Fissured

Weathered

or

Fresh or unweathered

Slightly weathered

Moderately to highly
weathered

Very highly to completely
weathered

Residual soil

Character of earth/soil

Saturated

Unsaturated

Type of earth/soil

Boulders

Sand

Silt

Clay

Colluvium

Alluvium

Lacustrine

Scree

Sheet flow deposit

Fill

Till

Weathered material

Residual soil

Geological setting

Free text field

Geomorphological setting

Free text field

Comments

Free text field

SECTION 7: GEOTECHNICAL DETAIL

Rupture surface dimensions  Length Numerical

Width Numerical

Depth Numerical
Displaced mass dimensions  Length Numerical

Width Numerical

Depth Numerical
Plan length metres Numerical
Travel angle degrees Numerical

Numerical (calculated from rupture surface
Calculated volume di .
imensions)

Estimated volume 10M

50n?

100n?
Depth to bedrock Numerical range
Slope Gradient Degrees Numerical
Slope Aspect Compass bearing Numerical
Slope Type Natural Part of a dropdown

Constructed Part of a dropdown

Unknown Part of a dropdown
Slope Class Plateau Each is part of a single drgpdoenu
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Gentle slope

Undulating slopes

Hills

Mountains

Cliff

Escarpment

River bank

Embankment

Gorge

Gully

Dunes

Karst

Mines, quarries

Altered, excavated

Urban area

Other

Unspecified

Slope Form

Concave

Convex

Linear

Non-uniform

Geotechnical strength
(laboratory)

Shear Box

Triaxial

Back Analysis

Shear strength

Laboratory Testing ¢’ peak (in kPa) Numerical
g’ peak (in degs) Numerical
¢’ residual (in kPa) Numerical
@' residual (in degs) Numerical
cu (in kPa) Numerical

Back Analysis ¢’ peak (in kPa) Numerical
@' peak (in degs) Numerical
¢’ residual (in kPa) Numerical
@' residual (in degs) Numerical
cu (in kPa) Numerical
Synopsis Free text field

Magnitude/scale

Deep-seated

Shallow

Hydrological processes

Overland flow

Stream flow

Throughflow

Natural drainage

Curb and guttering/storm
water drains

Pipes

Artifical drainage

Mix artificial and natural

Each is part of a single dropdown menu

drainage

Unspecified
Groundwater Water level
References Plans

Field maps
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Cross sections

Photos, sketches etc.

Survey Effort

SECTION 8: CAUSE OF FAILURE

Causal reliability

Stated

Interpreted

Inferred

Undefined

Each is part of a single dropdown menu

Contributing Natural

Plastic weak material

Senstive material

Collapsible material

Weathered material

Sheared material

Jointed or fissured material

Internal discontinuties

External discontinuties

Contrast in permeability

Contrast in stiffness

Natural seepage

Fluvial erosion

Wave erosion

Surface erosion/weathering

Subsurface
erosion/weathering

Deposition of material

Vegetation removal

Periglacial processes

Topography

Intense, short period rainfal

Prolonged high precipitation

Rapid melt of deep snow

Rapid drawdown following
natural flooding

Earthquake

Shrink and swell weathering
of expansive soils

Unknown

Each is part of a single dropdown menu

Contributing Human

Excavation of the slope or 3
it toe

—

Loading of the slope or at it
crest

Uy

Drawdown

Irrigation

Water leakage from service

[2)

Vegetation removal

Mining activities and
quarrying

Artificial vibration

Construction

Land use change

Unknown

Each is part of a single dropdown menu

Trigger Natural

Fluvial erosion

Wave erosion

Subsurface erosion

Each is part of a single dropdown menu
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Intense, short period rainfal

Prolonged high precipitation

Rapid drawdown following
natural flooding

Earthquake

Flash flooding

Storm surge

Severe storm

Unknown

Trigger Human

Excavation of the slope or 3
it toe

—

Loading of the slope or at it
crest

Uy

Drawdown

Irrigation

Water leakage from service

Each is part of a single dropdown menu

Vegetation removal

Mining activities and
quarrying

Artificial vibration

Unknown

Cause other

Human (unspecified)

Natural (unspecified)

Unknown

SECTION 9: DAMAGE/ IMPACT / COST

Severity

None

Insignificant

Minor

Medium

Each is part of a single dropdown menu

Major

Catastrophic

Unknown

Direct damage/cost

Buildings (number damaged

unknown)

Bridge

Private property

Drains

Cable (power, phone)

Minor structures (paving,
retaining walls)

Pipeline (water, gas, sewer

Vehicle

Roads

Fire trail

Each is part of a single dropdown menu

Footpath

Railway

Service facilities (health,
educational, cultural, sport)

Fences

Equipment

Crops and pastures

Livestock

Other

Unknown
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Indirect effects

Environment

Business disruption

Clean up costs

Alternative accommodation

Emergency / relief agencies
engaged

Stabilisation costs

Post event assessment

Geotechnical investigation

Loss productivity

Inconvenience

Reduced property values

Public outrage

Political effects

Loss of business confidenc

Effect on reputation

Social upheaval

Litigation

Tourism

Secondary hazards -
landslide caused flooding

D

Loss of memorabilia

Health impacts

House contents

Culture and heritage impact

Unknown

Each is part of a single dropdown menu

Environmental cost

Aggradation of lower
hillslopes

Alterations in valley floor
gradient

Blockage/ponding of
tributary valleys

Catchment alterations

Channel migration

Cliff/ slope retreat

Coastal progradation

Drainage diversion through
divide overtopping

Formation of landslide
dam/s

Isolation of bedrock ridges
by incision after filling

Landscape burial and
formation of new landscape

Lateral/ radial spreading

Movement/ erosion/ remova
of older colluvium

|

Other

Relief inversion

Ring plain construction/
extension

Slope effects

Streambank erosion and
landslide initiation

Streams beheaded

Truncation of ridges and/or
streams

Valley filling in incision

Each is part of a single dropdown menu
(within INDIRECT EFFECTS table)
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Valley floor aggradation

Valley floor closure

Valley floor effects

Valley widening by low
angle sliding

Describe Damage

Free text field

Cost Estimated financial cost Numerical
Year of cost (ie: in 1998 .
Numerical
dollars)
Remedial Cost Numerical

Calculated cost

Automatically generated field ia ttatabase

Describe Cost

Free text field

SECTION 10: SYNOPSIS

SECTION 11:
MONITORING

Is the site being monitored?

Dropdown (Yes, No, hinkn)

Describe

Free text field

SECTION 12: MITIGATION

Ongoing maintenance

required? High
Moderate
Low

Remedial works required Earthworks

Erosion control

Dewatering systems

Seepage barriers

Retaining walls

Earth reinforcement

Slip surface strengthening

Corrective measures used

Surface drainage

Loading at toe

Wire mesh

Retaining wall

Anchoring piles

Gabions

Subsurface drainage

Soil hardening

Dams

Anchorage (not piles)

Unloading at head

Redistribution of soil

Guiding wall

Rock removal

Other

SECTION 12: REFERENCES

References

Free text field

SECTION 13: RESOURCES AVAILABLE
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Maps Free text field
Reports Scale - site specific or Free text field
regional
Type of report Free text field
Development application
number?
City Council?
Photos Photo caption Free text field

Upload documents and
photos here

Browse folder to attach
documents

Upload capability
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1.5 Oregon State landslide inventory

Field Name FieldType |Size | Description

OBJECTID OBJECTID numeric ID

SHAPE geometry geometry type

UNIQUE_ID siring 50 | unigue code assigned by data steward to each landslide polygon in database

TYPE_MOVE string 25 | type of landslide movement for example flow or slide

MOVE_(1ASS | string 50 | movement classification which includes type of material and type of landslide
movement

MOVE CODE | sining 50 | dassification code based on type of material and type of landslide movement

CONFIDENCE | string 25 | confidence of identification—high, moderate, low

AGE string 25 | estimated age—historical landslide age less than 150 years; prehistonical greater
than 150 years

DATE_MOVE string 50 | date of last known movement

NAME string 50 | landslide name

GEOL string 50 | geologic Unit that the landslide occurred in

SLOPE single 4 | adjacent slope angle in degrees

HSHEIGHT single 4 | change in elevation from bottom to top of head scarp

FAN_HEIGHT | single 4 | changein elevation from top to toe of fan

FAIL_DEPTH single 4 | estimated and/or calculated slope normal thickness of failure depth

DEEP SHAL string 25 | deep or shallow seated slide

HS_IS1 single 4 | horizontal distance from head scarp to internal scarp no. 1

51152 single 4 | horizontal distance from internal scarp no. 1 tointernal scarp no. 2

152153 single 4 | horizontal distance from internal scarp no. 2 tointemal scarp no. 3

153_154 single 4 | horizontal distance from internal scarp no. 3 tointernal scarp no. 4

HD_AVE single 4 | calculated average horizontal distance between scarps

DIRECT single 4 | direction of movement

AREA single 4 | sizeof landslide deposit

VoL single 4 | Volume of landslide deposit

QUADNAME | string 50 | 7.5 minute quadrangle name

REF_ID_COD string 25 | unique code assigned by data steward to each onginal reference map

MAP_UNIT_L | string 50 | map unit label—reference map unit label symbol taken from the original source
map

DESCRIP string 25 | unit descriptor—landsfide, flow, talus-colluvium

Shape_Length | double length of shape in feet

Shape_Area double area of shape in square feet
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1.6 Utah State landslide inventory

ESRI File Geodatahase Feature Class
GIS Dataset Landslide Deebris Flow Landslide
Attribute Palygon Paths Scarps Digtcrip o
Arbitrary number assigned to ientlfy individual lindslides. In areas where individud
StatelSID X landshides are reprasented by multiple polygons, the same StareLSID number 15 used Lo
\dentily individual londslide deposits
LSUnit X X X Landsbde map unit. Seetext and table § for description of Endstide types.
MoveType X X Landslid e classification as defined by Cruden and Varnes [1996) (table 4)
Historical X X X Idlentifies known histarical (1847-present) Landslides. *Yes™ for histarical Landstides;
otherwise left blank if the age is prehistoric or undstermined.
Geollnit® X Landside map unit in the original source.
Criginal mop reference scale, exat or approximate valee. “Unknown” indicates ariginal
MapSeaale” X X X source 5 no longer available vo check the scale “Various” indicates publication having
figures of varying scales which were used to compile our landslide maps.
Magp Kame* [ 4 X b Shortened version of onginal map reference name; usually srea studied
Publrae*® X X X Original map refe rence publication date
Author4* X X % Original map reference author{s). 1f more than two authors, *and others” was used to
i
Identilies Llandslide polygons that cross the origin o source map boundary. “Yes® for
MapBaund X X landstide pakygons having a boundary that corresponds to a study anea boundary and not
necessirily & bandslide bound ary: otherwise left blank
Identifies polygons merged from muldple sources. “Yes® for land slide polygons merged
S ource X from multiple sources; otherwise beft blanke Informaton from the most accurate or
largest polygon wsed to identily the onginal source (colimns *Geelinit," “Mag Scale,”
"MapName.” “PubDate.” and *Anthor_s°).
Geologie unit(s) Nkely incarpasated into the landdide mass. Al units Hsted are geologic
AfUnit X Formations unless otherwise indicsted. 77 Indicates units quered by this study. *[7)"
Indicates units queried by the original source’s author(s}.
Geologhe unit(s) Nkely invalved in the surface of rupture. Al units listed are geologic
formations unless otherstse indicited. In addition Lo stgnifying mubtiple pessible units
Maovellnit X invalved in landsliding "and/or” is used o indicate the surface of mpture may be at the
montact between the twa units. “ T indicates units identified with uncertainty by this study.
“[1° indicates units ke nt fed with uncertainty by the odginal source's author(s)
. Ielentafies the possible cause of landsliding when identified Inthe original sowrce
MoveCaue L Abbreviations used in this and the “Notes” column are Jisted in t2hle 2.
No X X X Stores additona | information ahout the landslide that was available in the original source.
bes Abbrevistions used in this and the “FailCause” column grellsted in table L
* These attributes may include information from multiple sources that mapped alandslide feature identically (e, the landslide feature (s not a result of merging
multiple fastures). All sources for the landshide feature 2re Nsted, separsted by asemicolon (). The arder of the sources for each fleld |s the same (for example, if
the “Map Name” 15 "Circle Clifls 1 SW; Circle CIIfs area” and the “PubDate” (s *1958; 19677, the Circle Cliffs 1 SW map would carrespond to the 1958 publication
date and the Circle CITs area map would correspond to the 1967 publication date)
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1.7 California State landslide inventory

Feature Name:
Feature Description:

LS DEPOSIT
Landslide inventory deposit features

Attribute Description Type L | Null| Units Domain
CREATION_DATE Date of record creation DATE default: SYSDATE
REVISION_DATE Date of record revision DATE
GEOM_REV_DATE Date of landslide geometry revision DATE
GEOM_REV_STAFF Staff who updated landslide geometry (Oracle user name) VARCHAR2 | 8

The landslide name is composed of the 4 or 5 character quad
abbreviation and a four digit sequential number, i.e. |gat0045.
Include a lower case letter abbreviation to the name for parts of
complexes or slides that need to be mapped as more than one
LS ID (PK) poly VARCHAR2 | 15| N
Entered if the landslide is part of a complex and would carry the
local name of the complex to which it belongs, e.g. Mission Peak
LS MASTER Landslide. VARCHAR?2 | 40
Area in square meters. Calculated by GeoMedia Professional
LS_AREA and computed using projected measurements. NUMBER m2
Perimeter in meters. Calculated by GeoMedia Professional and
LS _PERIMETER computed using projected measurements. NUMBER m
Landslide activity. Acceptable values are h (historically active,
dormant historic), d (unspecified dormant), dy (dormant young),
ACTIVITY dm (dormant mature), do (dormant old/relict) VARCHAR2 | 2| N Activity
Initial movement type. Combine material type (r-rock, s-soil, e-
earth, d-debris) with movement type (s-slide, f-flow, t-topple, p-
INIT_TYPE spread, I-fall) or multiple movement types (composite-cl). VARCHAR2 | 3| N MovementType
SUBS_TYPE Type, subsequent movement. VARCHAR2 | 3 MovementType
MVMT_MODE Landslide movement mode. VARCHAR2 | 2 MovementModeBase
CONFIDENCE Confidence of interpretation; definite (d), probable (p), questionablf VARCHAR2 | 1| N InterpretationConfidence
Thickness estimate; s-shallow (0-10ft), m-moderate(11-50ft),d-
THICKNESS deep(>50ft), ?-unknown. VARCHAR2 | 1| N SlipSurfaceDepthEstimate
Azimuth direction estimate. Valid values are 1 to 360; North is
DIR_MVMT 360, zero is not used. NUMBER 3| N | deg between 1 and 360
Source used to identify geomorphic features indicative of past
landsliding; map, publication, report, air photos, field. For air
LS_DATA_SOURCE photos record year & scale. VARCHAR2 |40
Digital source used for compilation, i.e. the base used to locate
BASE_MAP identified landslides and digitize their boundaries. VARCHAR2 |10 N BaseMapBase
MAP_YEAR Year CGS interpreted/compiled landslide. NUMBER 4
Geologic formation abbreviation for the formation most affected
PRIMARY_GEOL_UNIT [(area-wise) by the landslide. VARCHAR2 |20| N
PRIMARY _LITH Predominant lithology of the primary geologic formation. VARCHAR2 |12
Geologic formation abbreviation for the second-most affected
formation. If more than two formations involved add others in
SECONDARY_GEOL remarks. VARCHAR?2 | 20
SECONDARY_LITH Predominant lithology of the secondary geologic formation. VARCHAR2 |12
GEOL_DATA_SOURCE |Geologic map used for rock unit and lithology. VARCHAR?2 | 40
If available, the overall geologic strike direction, as an azimuth
(USGS strike direction convention; valid values 1-360, North is
STRIKE_AZ 360, zero for flat beds) NUMBER 3 deg between 0 and 360
If available, the overall geologic dip value estimate. Valid values
DIP 0 -90. NUMBER 2 deg between 0 and 90
ATTITUDE_TYPE Type of attitude measurement; VARCHAR2 | 4 AttitudeTypeBase
ATT_DATA _SOURCE Geologic map used for attitudes. VARCHAR?2 | 40
STAFF Geologist/lead author for landslide inventory VARCHAR2 | 3| N StaffBase
PEER_REV_STAFF Geologist who completed peer review of inventory VARCHAR2 | 3 StaffBase
REMARKS Comments VARCHAR?2 | 80
Oracle geometry storage; (SRID 4269, Geographic 2D. NAD83)
GEOMETRY Note: Have z values. SDO_GEOMETRY
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Feature Name:
Feature Description:

LS SOURCE
Landslide inventory source area geomorphic features

Attribute Description Type L Null | Units Domain
CREATION_DATE Date of record creation DATE default: SYSDATE
REVISION_DATE Date of record revision DATE
GEOM_REV_DATE Date of landslide geometry revision DATE
GEOM_REV_STAFF Staff who updated landslide geometry (Oracle user name) VARCHAR?2 8

Source area hame composed of the 4 or 5 character quad
abbreviation plus a four digit sequential number, e.g. Igat0045.
When possible, name the source area with the same name as it's
respective deposit area. For source areas that need to be
SOURCE_ID (PK) mapped as mo VARCHAR2 | 15 N
Area in square meters. Calculated by GeoMedia Professional
SOURCE_AREA and computed using projected measurements. NUMBER m2
Perimeter in meters. Calculated by GeoMedia Professional and
SOURCE_PERIMETER |computed using projected measurements. NUMBER m
Landslide source area type, i.e. scarp, track, etc. Rules for
source areas: All debris slide slopes are scarps. All inner gorges
SOURCE_TYPE are scarps. Tracks are narrow elongate source features. VARCHAR2 6 N SourceTypeBase
Confidence of interpretation; definite (d), probable (p),
CONFIDENCE questionable (q) VARCHAR?2 1 N InterpretationConfidence
Source used to identify geomorphic features indicative of past
landsliding; map, publication, report, air photos, field. For air
LS_DATA_SOURCE photos record year & scale. VARCHAR2 | 40
Digital source used for compilation, i.e. the base used to locate
BASE_MAP identified landslides and digitize their boundaries. VARCHAR2 | 10 N BaseMapBase
MAP_YEAR Year CGS interpreted/compiled landslide. NUMBER 4
STAFF Geologist/lead author for landslide inventory VARCHAR?2 3 N StaffBase
PEER _REV STAFF Geologist who completed peer review of inventory VARCHAR?2 3 StaffBase
REMARKS Comments VARCHAR2 80
Geometry storage column (SRID 4269, Geographic 2D, NAD83)
GEOMETRY Note: have z values. SDO_GEOMETRY
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Feature Name:

Feature Description:

LSI_SSF

Landslide inventory, seamless single feature. Boundary includes source area.

(derived from MGE tiled landslide inventories)

Attribute Description Type L | Null| Units Domain
CREATION_DATE Date of record creation DATE default: SYSDATE
REVISION_DATE Date of record revision DATE
GEOM_REV_DATE Date of landslide geometry revision DATE
GEOM_REV_STAFF Staff who updated landslide geometry (Oracle user name) VARCHAR2 | 8

The landslide name is composed of the 4 or 5 character quad
abbreviation and a four digit sequential number, i.e. Igat0045.
Include a lower case letter abbreviation to the name for parts of
complexes or slides that need to be mapped as more than one
LS_ID (PK) poly VARCHAR2 | 15| N
Entered if the landslide is part of a complex and would carry the
local name of the complex to which it belongs, e.g. Mission
LS_MASTER Peak Landslide. VARCHAR2 | 40
Area in square meters. Calculated by GeoMedia Professional
LS_AREA and computed using projected measurements. NUMBER m2
Perimeter in meters. Calculated by GeoMedia Professional and
LS _PERIMETER computed using projected measurements. NUMBER m
Landslide activity. Acceptable values are h (historically active,
dormant historic), d (unspecified dormant), dy (dormant young),
ACTIVITY dm (dormant mature), do (dormant old/relict) VARCHAR2 | 2 N Activity
Initial movement type. Combine material type (r-rock, s-soil, e-
earth, d-debris) with movement type (s-slide, f-flow, t-topple, p-
INIT_TYPE spread, I-fall) or multiple movement types (composite-cl). VARCHAR2 | 3 N MovementType
SUBS_TYPE Type, subsequent movement. VARCHAR2 | 3 MovementType
MVMT_MODE Landslide movement mode. VARCHAR2 | 2 MovementModeBase
CONFIDENCE Confidence of interpretation; definite (d), probable (p), questional VARCHAR2 | 1 N InterpretationConfidence
Thickness estimate; s-shallow (0-10ft), m-moderate(11-50ft),d-
THICKNESS deep(>50ft), ?-unknown. VARCHAR2 | 1 N SlipSurfaceDepthEstimate
Azimuth direction estimate. Valid values are 1 to 360; North is
DIR_MVMT 360, zero is not used. NUMBER 3 N deg between 1 and 360
Source used to identify geomorphic features indicative of past
landsliding; map, publication, report, air photos, field. For air
LS_DATA_SOURCE photos record year & scale. VARCHAR2 | 40
Digital source used for compilation, i.e. the base used to locate
BASE_MAP identified landslides and digitize their boundaries. VARCHAR2 | 10 [ N BaseMapBase
MAP_YEAR Year CGS interpreted/compiled landslide. NUMBER 4
Geologic formation abbreviation for the formation most affected
PRIMARY_GEOL_UNIT (area-wise) by the landslide. VARCHAR2 | 20 | N
PRIMARY_LITH Predominant lithology of the primary geologic formation. VARCHAR?2 | 12
Geologic formation abbreviation for the second-most affected
formation. If more than two formations involved add others in
SECONDARY_GEOL remarks. VARCHAR?2 | 20
SECONDARY_LITH Predominant lithology of the secondary geologic formation. VARCHAR2 | 12
GEOL_DATA_SOURCE Source of geologic information. VARCHAR2 | 40
If available, the overall geologic strike direction, as an azimuth
(USGS strike direction convention; valid values 1-360, North is
STRIKE_AZ 360, zero for flat beds) NUMBER 3 deg between 0 and 360
If available, the overall geologic dip value estimate. Valid
DIP values 0 - 90. NUMBER 2 deg between 0 and 90
ATTITUDE_TYPE Type of attitude measurement. VARCHAR2 | 4 Attitude TypeBase
ATT_DATA_SOURCE Source of structural information VARCHAR2 | 40
STAFF Geologist/lead author for landslide inventory VARCHAR2 | 3 N StaffBase
PEER_REV_STAFF Geologist who completed peer review of inventory VARCHAR2 | 3 StaffBase
REMARKS Comments VARCHAR?2 | 80
Oracle geometry storage (SRID 5498 (compound), NAD83 +
GEOMETRY NAVD88) Note: may have z values SDO_GEOMETRY
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1.8 State of New Jersey landslide inventory

Attribute Data type
FID OID
Shape Shape
YEAR Number
MONTH String
DAY String
TIME String
TYPE String
TRIGGER String
DAMAGE String

FATALITIES | Number

INJURIES Number

COUNTY String

MUNICIPALI | String

NORTHING Number

EASTING Number
REFERENCE | String
ROUTE String

MILEPOST String

QUANTITY String

COMMENTS | String

LOCATION String
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1.9

Hong Kong landslide inventory

Data Item

Description

SLIDE_ID

SLIDE TYPE

ACTION

COMMENT

WIDTH

M WIDTH

S LENGTH

SLOPE

COVER

YEAR 1

Previously recorded NTLI reference number.

Landslide Classification:

R for relict landslide

C for recent channelized debris flow

O for recent open hillslope landslide

S for recent coastal landslides possibly initiated by undercutting

Action taken for a particular landslide:

A: (4dd) Newly added landslides

C: (Change) Location has been amended

D: (Don’t Change) No change to location was undertaken

Comument. if required.

Width of the landslide main scarp.
Recorded values are 1 (<20m) and 2 (=20m).

Width of the landslide main scarp in meters.

Length of the landslide source area in meters.

Ground slope angle across the landslide head. calculated using GIS
manipulation of 2m DEM data (provided by Client). A null value of
9999 has been recorded where the slope gradient cannot be recorded.

Vegetation cover within the landslide source area:
A: Totally bare of vegetation

B: Partially bare of vegetation

C: Completely covered by grass

D: Covered in shrubs and/or frees

For recent landslides. the year of the aerial photographs on which the
landslide can be first observed.

For relict landslides. the year of the aerial photographs from which the
landslide was identified. Normally 1963.
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Data Item

Description

YEAR 2

AP YR

XTAG

HEADELEV

TAILFELEV

For recent landslides. the year of the last preceding aerial
photographs on which the landslide could not be identified.

For relict landslides. entry of yvear of aerial photographs has only
been undertaken where the landslide has been recommended for
deletion.

For such cases. an entry corresponding fo the previously recorded
YEAR_1 has been entered, as YEAR_1 aerial photographs must
be reviewed to justify deletion of NTLI records. Otherwise. a
hyphen *-* has been entered.

Year of the aerial photographs from which the landslide is best
observed.

Number of first stereopair aerial photograph from which the
landslide is best observed.

Number of second stereopair aerial photograph from which the
landslide is best observed.,

Cross tag detailing the reference number of any other landslide
originating from the same source area. The field has been
generated using geoprocessing to identify other landslide crowns
located within 1m radius.

Elevation of the landslide crown in mPD generated using GIS
manipulation of Client-provided 2m grid DEM. A null value of
9999 has been recorded where the elevation of the landslide
crown cannot be recorded e.g. subsequent development.

Elevation of the landslide toe in mPD generated using GIS
manipulation of Client-provided 2m grid DEM. A null value of
9999 has been recorded where the elevation of the landslide tail
cannot be recorded e.g. subsequent development.
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Data Item

Description

ELE_DIFF

GULLY

SOURCE

EASTING

NORTHING

DONE_BY

CHECKED BY

CLASS

ENTLI NO

GROUP

Difference in elevation (m) between landslide crown and toe
generated using GIS manipulation of VERI_HE and VERI_TE
data. A null value of 9999 has been recorded where the difference
in elevation between the landslide crown and tail cannot be
recorded e.g. subsequent development.

“Y’ when landslide is within a previously recorded area of gully
erosion and ‘N’ for when landslide is located outside of such
areas.

Record of party responsible for identification and compilation of
ENTLI entry.

Easting of the verified landslide crown location.

Northing of the verified landslide crown location.

Initials of API operative responsible for complefing the initial
ENTLI review work.

Initials of API Specialist responsible for checking the recorded
ENTLI findings and GIS data.

Classification of relict landslides. Recorded classes are A1, A2,
B1.B2.C1.C2and S.

A unique reference number for the ENTLI landslide based on
1:5000 mapsheet number (e.g. 13NEB) combined with a unigue
four-digit ENTLI number (i.e. 0001E).

Record of whether the record comprises a relict or recent
landslide.
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1.10 Italy landslide inventory
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LANDSLIDE DATA SHEET Vers. 233 (200I) by: Amanti M., Bertolini G., Ceccone G,

I ISPRA - Italian National Institute for
PROGEI—TO E “ Envi P ion and Chiessi V., De Nardo M.T., Ercolani L., Gasparo F., Guzzetti F., Landrini C., Martinl M. G.,
Ramasco M., Redini M., Venditti A. Translated by: Trigia A & ladanza C. (2008)
E e GW[OQIC?' swy O]‘ "EIY 7 Liﬂd pmtacﬂon o cenaiments g Renomeny' francs: od alls f_'..\'n ehivmpione. AMANTI M. CASAGLI N. CATANI 7 DOREFICEM &
and Georesources Department acet VIE Serv Gl 1L Ria

*Alphanumeric code Landslide D
GENERAL INFORMATION

Discontinuity 1: dip direction/ dip

Discontinuity 2: dip direction/ dip

1 2 Bedding attitude
QO harizontal
QO dipping into the slope (anaclinal)

1 2 Rock mass structure
Q0 massive

QO stratified

00O fissile

Q0O moderately jointed

QO fractured

Q0 schistose

0D vacuolar

Q0 chaotic

1 2 Joint spacing
OO very wide (> 2m)
00O wide (60cm - 2m)

Q0O moderate (20em — 60cm)
Q0O close (6cm — 20cm)
Q0O very close (<6cm)

1 2 ‘Geotechnical properties
Q0O rock
OO lapideous rock
Q0O weak rock
QO debris
QO grained soil
QO dense grained soil
00 Ipose grained soil
D0 cohesive soil
QO firm cohesive soil
00O soft cohesive sail
OO organic soil
Q0 complex unit
Q0 alternating beds
O mélange
*LAND COVER

OO obliquely to the slope

QO obliquely (orthoclinal)

Q0 obliquely (plagioclinal)

Q0O downslope (cataclinal)

O downslope steeper than slope
QO dipping out of the slope

QO parallel to the slope

1 2 Weathering

QO fresh

00 slightly weathered
OO moderately weathered
Q0 severe weathered

OO0 completely weathered
Notes:

*Date of report Location
*Region | *Province
*Reporter’s Name *Municipality
*River Basin Authority
*Public Institution Topographic Map
Scale Number Localif
GEOMETRY POSITION ON THE SLOPE
Crown Toe
Crown elevation (m) Azimuth o °) 2 Ridgs 9
Toe elevation (m) Total area A (m’) Q Upper part Q
Horizontal length Ly, (m) Width W (m) Q Widdle part 2
Height H (m) Volume of displaced material V (m°) Q2 Lower part Q
Slope angle b (* Depth of surface of rupture D, (m) Q Q
Geologic unit 1 Geologic unit 2 12 *Lithology
Q0 limestone
Description 1 Description 2 Q0 travertine
QO marl

QO limestone-marly fiysch

00 sandstone, arenaceous fiysch
QO shale, _olitic flysch

QO acid extrusive rock

Q0 basic extrusive rock

OO pyroclastic rock

Q0 acid intrusive rock

OO0 basic intrusive rock

OO weakly foliated metamorphic rock
QO foliated metamorphic rock
QO evaporite

Q0 sedimentary siliceous rock
OO conglomerate or breccia

Q0O debris
Q0O gravel
Q0 sand
00 sit
Q0 clay

Q0 mixed soil

Q0O man-made ground
*SLOPE ASPECT

*METHOD USED TO CLASSIFY THE [sRETLESLTEN
TYPE OF MOVEMENT AND STATE [miulhliGHT T

OF ACTIVITY

O historical/archive data
[0 reporting

*DATE OF THE MOST RECENT OBSERVATION FOR THE EVALUATION OF
THE STATE OF ACTIVITY

ACTIVATIONS

2 urbian areas 3 annual crops associsted with permanent crops. O reforestation O sparsely vegetstedareas |O N |O E Qs
O mineral extraction sites O parmanent crops © coppice woodland O bush D NE |9Q SE 2 sw C
2 arable land O riparian vegelation O forest lrees O paslures
HYDROGEOLOGY CLASSIFICATION
Superficial water 1"lef1 2 |*Type of movement O unclassified |1 2 Rate of movement 1 2 Material
O absent o |2 9 DO extremely slow (< 510 '° mis) QO rock
O stagnant O O topple OO very slow (< 510° m/s) DO debris
O diffuse runoff o QO O rotatonal siide 0O slow (<510 mis) D0 garth
O concentrate runoff O O translational slide QO moderate (< 510* m/s) 1 2 Water content
Springs Groundwater | © | O O lateral spread OO rapid (< 5107 mis) QO dry
O absent O absent Q 1O O slowearth flow QO very rapid (=5 mis) 00O moist
Q diffuse Q unconfined Q |9 O rapiddebris flow 20O extremely rapid (> 5 mis) Q0 wet
Q local 2 confined QO |9 O sinkhole QO very wet
INo. Depth (m) ®) complex Notes:
Notes: ] desp ] slope
Q area affectad by numerous rockfalisiopples
5] area atfactsd by numerous sinkholes
[®] area affected by numerous shallow lanslides
(o] unclissiﬁ ed Distribution S_tyle
O active O stabilized Q relict | O moving O single
Q| O reactivated O artificially Q retrogressive O advancing O complex O multiple
O suspended stabllized D widening O diminishing O composite. O successive
O abandoned 2 enlarging O confined
O aerial photo-interpretation” * Aerial photo interpretation:

[Flight ID

Strip

Photo number

DATING OF THE MAIN EVENT

Certain date Source of information
Uncertain date min max O newspapers 0 remote sensing images
| Year O publications O historical documents
Month O oral testimony O lichenometry

Day O videos O dendrochronology
Time O archives 0 radiometric methods

Radi ic Years BP precision | O maps O others
age *
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Geological Morphological
O weak matenal O jointed or fissured material O tectonic uplift O glacial erosion of the slope toe
O sensitive material o oriented mass di inuiti 0 voleanic uplift O erosion of the lateral marging
O collapsible material o y oriented O glacial rebound O subterranean erosion, piping
O weathered matenal O contrast in permeability O fluvial erosion of the slope toe O deposition loading slope or its crest
[ sheared material O contrast in stiffness. 0 wave erosion of the slope foe O vegetation removal

Physical Human

O intense, short period raintall 0 freeze and thaw weathering 0 excavation of slope or its toe O water leakage from utilities
O p g i ipil Ot i 10 loading of slope or its crest [ vegetation removal (deforestation)
O rapid snow melt 0O shrink and swell weathering O drawdown of reservoirs O reforestation
O thawing of permafrost O weathering O reservoir level rise O mining and quarrying (open pits)

O freezing spring water 0O earthquake O irrigation O mining and quarrying (underground gall.)
O rapid drawdown O volcanic eruption O crop types and tilage methods O creation of dumps of very loose waste
[ water level rise [ dam hmﬂ'mg 0 poor maintenance of drainage systems [ artificial vibration

Note: (X) contributing (W) triggering
PRECURSORY SIGNS

O new fissures, cracks O slope reversed O tilting of utility poles or trees O change in water flow from springs
O trenches O subsidence, differential settlements O appearance of springs O sudden change in well water levels
O localised rockfalls O new cracks in structures O disappearance of springs O pore water pressurein soil

O bulges O creaking of structures O disappearance of water courses 0O underground noises

*DAMAGE n.d. (not determined)

Type of damage DOl direct O collapse into reservoir O water course biockage [ blockage and landslide dam break O antificial dam break

Persons O O deaths no. O injuries no. O evacuated no. 0O at risk no.
Buildings O O private no. 0 public no. O private at risk no. O public at risk no.
Cost (€) Assets | Activities | Total
Level Lavel Level Level
Urban centres =] Public service structures O ] Cultural heritage O | Roads =]
town hospital monuments motorways
village barracks historical-architectural heritage state road
rural settiement school museums provincial road
scattered houses library art-works municipal road
Economic activities O Public Admini: ion building Lifelines O | others
commercial cenire church water pipelines Remedial works u]
craft trade centre sports facilities Sewers river engineering works
factory y power lines slope stabilization works
chemical glant power station phone IIne__s protection works
mining and quarrying port gas pipeli
livestock centre bridge or viaduct oil pipelines Water course 0O
Farm land/ Forests O tunnel canals Name
arable land penstock cable ways
arable land with trees railway station Railways =]
permanent crops reservoir high speed rail
pastures dam double track Damage: O potential
woodland incinerator single frack Q deviation
reforestation dump sites urban rail Q partial obstruction
waler treatment plant rallways (unclassified) O complete damming
Level of dama: N = negligible; A = aesthetic (minor): F = functional (major); S = structural (total)
STUDIES/INVESTIGATIONS REMEDIAL MEASURES
Technical reports Earthworks. Drainage Soil Bioengineering, forestry works
O survey report O preliminary design O profiling, terracing O surface drainage O grass seeding
O geclogical report O finaliconstruction design O reduction of head |oads O drainage trenches O reforestation
Investigation and monitoring O increase of base loads O drainage wells 0 selective cutting
O geognostic boreholes O inclinometers. O rock remioval O sub horizontal drains O live fascine, live wattle fences
O geotechnical lab tests O plezometers Retention systems O drainage tunnels O check dams
O groundwater investigations [ fissure gauges 0 gabions Protection measures O river bank protection
O geoelectrical investigations O extensomelers 0 walls O mesh Reinforcement
O ground level saismic O clinometer O bulkheads 0 shotcrete O dowels, bolts
O down hole seismic O settlement gauge O piles O rock fall shaped berms: O ties, anchors
O cross hole seismic O micro-seismic network O reinforced soil O rock fal catch ditches O block strapping
O penetrometer O topographic monitoring Damage mitigation O rock fall barriers O injectionjet grouting
O pressuremeter O hyd i{ i I o idation of buildi O evacuation O micro-piles
O scissometer O others 1 delocalization, demolition 0 earty warning system 0O thermal, chemical. electrical treatment
Cost of investigations (€) Planned cost of remedial works (€) Actual cost of remedial works (€)
DOCUMENTATION NATIONAL LEGISLATIONS

Archives Geological Map O Law 267/98 Urgent plans O Regional landscape planning
O AVi archives O Others | O YES O Law 267/98 Urgent remedial measures 0 Provincial temitorial coordination plans
O SCAl archives QNO O Law 26798 PSAl O Civil Defence Emergency Daclarations
0O DPC archives O Not coverad O Law 183/89 River Basin Plans O Law 365/00
O ISPRA archives 0 Others

BIBLIOGRAPHY
Authors Year Title Journal / Book / Report Publisher vol. | pages
Notes:
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Seeb [Release 2.08] Thu Jun 26

13:30:58 2014

Options:
Rule-based classifiers
Pruning confidence level 1%
Test requires 2 branches with >=
3200 cases

Class specified by attribute “landslide’

Read 661342 cases (11 attributes) from
sb1l4 slidesv6.data

Rules:

Rule 1: (41974, lift 2.0)
g=54
-> class 0 [1.000]

Rule 2: (35854/1, lift 2.0)
g=69
-> class 0 [1.000]

Rule 3: (9115, lift 2.0)
g=85
-> class 0 [1.000]

Rule 4: (8963, lift 2.0)
g=91
-> class 0 [1.000]

Rule 5: (6040, lift 2.0)
g =100
-> class 0 [1.000]

Rule 6: (2064, lift 2.0)
g=151
-> class 0 [1.000]

Rule 7: (3770, lift 2.0)
g = 157
-> class 0 [1.000]

Rule 8: (6254, lift 2.0)

g =160

-> class 0 [1.000]
Rule 9: (4280, lift 2.0)

g =162

-> class 0 [1.000]

Rule 10: (2917, lift 2.0)
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g =165
-> class 0 [1.000]

Rule 11: (5548, lift 2.0)
g =167
-> class 0 [1.000]

Rule 12: (2210, lift 2.0)
g=168
-> class 0 [1.000]

Rule 13: (1277, lift 2.0)
g=23
-> class 0 [0.999]

Rule 14: (1902, lift 2.0)
g =141
-> class 0 [0.999]

Rule 15: (1570, lift 2.0)
g=144
-> class 0 [0.999]

Rule 16: (1501, lift 2.0)
g =148
-> class 0 [0.999]

Rule 17: (720, lift 2.0)
g =150
-> class 0 [0.999]

Rule 18: (816, lift 2.0)
g =158
-> class 0 [0.999]

Rule 19: (939, lift 2.0)
g =166
-> class 0 [0.999]

Rule 20: (1927, lift 2.0)
g =169
-> class 0 [0.999]

Rule 21: (622, lift 2.0)
g=163
-> class 0 [0.998]

Rule 22: (562, lift 2.0)
g=224
-> class 0 [0.998]

Rule 23: (409, lift 2.0)
g =227
-> class 0 [0.998]
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Rule 24: (374, lift 2.0)
g=8
-> class 0 [0.997]

Rule 25: (300, lift 2.0)
g=173
-> class 0 [0.997]

Rule 26: (263, lift 2.0)
g =113
-> class 0 [0.996]

Rule 27: (253, lift 2.0)
g=154
-> class 0 [0.996]

Rule 28: (272, lift 2.0)
g =159
-> class 0 [0.996]

Rule 29: (259, lift 2.0)
g=234
-> class 0 [0.996]

Rule 30: (187, lift 2.0)
g=95
-> class 0 [0.995]

Rule 31: (186, lift 2.0)
g=116
-> class 0 [0.995]

Rule 32: (202, lift 2.0)
g =197
-> class 0 [0.995]

Rule 33: (154, lift 2.0)
g=7
-> class 0 [0.994]

Rule 34: (138, lift 2.0)
g=221
-> class 0 [0.993]

Rule 35: (136, lift 2.0)
g=1223
-> class 0 [0.993]

Rule 36: (130, lift 2.0)
g =149
-> class 0 [0.992]

Rule 37: (111, lift 2.0)
g=172
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-> class 0 [0.991]

Rule 38: (95, lift 2.0)
g = 147
-> class 0 [0.990]

Rule 39: (97, lift 2.0)
g =152
-> class 0 [0.990]

Rule 40: (102, lift 2.0)
g=161
-> class 0 [0.990]

Rule 41: (96, lift 2.0)
g=195
-> class 0 [0.990]

Rule 42: (85, lift 2.0)
g=171
-> class 0 [0.989]

Rule 43: (83832/998, lift 2.0)
g=35
-> class 0 [0.988]

Rule 44: (75, lift 2.0)
g=175
-> class 0 [0.987]

Rule 45: (68, lift 2.0)
g=174
-> class 0 [0.986]

Rule 46: (62, lift 2.0)
g=93
-> class 0 [0.984]

Rule 47: (62, lift 2.0)
g=133
-> class 0 [0.984]

Rule 48: (57, lift 2.0)
g=123
-> class 0 [0.983]

Rule 49: (56, lift 2.0)
g=37
-> class 0 [0.983]
Rule 50: (58, lift 2.0)
g =190
-> class 0 [0.983]

Rule 51: (55, lift 2.0)



g=1
-> class 0 [0.982]

Rule 52: (51, lift 2.0)
g=32
-> class 0 [0.981]

Rule 53: (45, lift 2.0)
g=16
-> class 0 [0.979]

Rule 54: (36, lift 1.9)
g=71
-> class 0 [0.974]

Rule 55: (32, lift 1.9)
g =185
-> class 0 [0.971]

Rule 56: (32, lift 1.9)
g =275
-> class 0 [0.971]

Rule 57: (31, lift 1.9)
g=28
-> class 0 [0.970]

Rule 58: (1628/50, lift 1.9)
g=14
-> class 0 [0.969]

Rule 59: (30, lift 1.9)
g=57
-> class 0 [0.969]

Rule 60: (23, lift 1.9)
g=>5
-> class 0 [0.960]

Rule 61: (9253/445, lift 1.9)
g=84
-> class 0 [0.952]

Rule 62: (18, lift 1.9)
g =226
-> class 0 [0.950]

Rule 63: (15, lift 1.9)
g =107
-> class 0 [0.941]

Rule 64: (15, lift 1.9)
g=252
-> class 0 [0.941]
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Rule 65: (139/8, lift 1.9)
g=17
-> class 0 [0.936]

Rule 66: (13, lift 1.9)
g=143
-> class 0 [0.933]

Rule 67: (3960/276, lift 1.9)
g=18
-> class 0 [0.930]

Rule 68: (30965/2191, lift 1.9)
g=20
-> class 0 [0.929]

Rule 69: (24/1, lift 1.8)
g =246
-> class 0 [0.923]

Rule 70: (1153/97, lift 1.8)
g=142
-> class 0 [0.915]

Rule 71: (9, lift 1.8)
g =105
-> class 0 [0.909]

Rule 72: (8, lift 1.8)
g=92
-> class 0 [0.900]

Rule 73: (1162/118, lift 1.8)
g=135
-> class 0 [0.898]

Rule 74: (7, lift 1.8)
g=98
-> class 0 [0.889]

Rule 75: (6, lift 1.8)
g=274
-> class 0 [0.875]

Rule 76: (37159/4853, lift 1.7)
a <= 102.6069
c>-0.5112
s <=4.998145
-> class 0 [0.869]

Rule 77: (3549/498, lift 1.7)
g=31
w <= 2.925628e-007
-> class 0 [0.859]



Rule 78: (368/51, lift 1.7)
g=164
-> class 0 [0.859]

Rule 79: (5, lift 1.7)
g =155
-> class 0 [0.857]

Rule 80: (5, lift 1.7)
g=6
-> class 0 [0.857]

Rule 81: (5, lift 1.7)
g=42
-> class 0 [0.857]

Rule 82: (26886/4143, lift 1.7)
a>275.3534
c>-0.5112
S <=4.998145
-> class 0 [0.846]

Rule 83: (4, lift 1.7)
g=34
-> class 0 [0.833]

Rule 84: (3, lift 1.6)
g =189
-> class 0 [0.800]

Rule 85: (3, lift 1.6)
g =145
-> class 0 [0.800]

Rule 86: (3, lift 1.6)
g=94
-> class 0 [0.800]

Rule 87: (152249/31371, lift 1.6)

s <=5.447378
-> class 0 [0.794]

Rule 88: (43/9, lift 1.6)
g =248
-> class 0 [0.778]

Rule 89: (3142/768, lift 1.5)
g=44
-> class 0 [0.755]
Rule 90: (2, lift 1.5)
g =102
-> class 0 [0.750]

Rule 91: (2, lift 1.5)
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g =183
-> class 0 [0.750]

Rule 92: (2, lift 1.5)
g=72
-> class 0 [0.750]

Rule 93: (2, lift 1.5)
g=132
-> class 0 [0.750]

Rule 94: (1525/413, lift 1.5)
g=52
-> class 0 [0.729]

Rule 95: (352/118, lift 1.3)
g=3
-> class 0 [0.664]

Rule 96: (117/45, lift 1.2)
g=73
-> class 0 [0.613]

Rule 97: (405/159, lift 1.2)
g =108
-> class 0 [0.607]

Rule 98: (269/106, lift 1.2)
g=104
-> class 0 [0.605]

Rule 99: (1146/472, lift 1.2)
g=134
-> class 0 [0.588]

Rule 100: (189, lift 2.0)
g =254
-> class 1 [0.995]

Rule 101: (2767/33, lift 2.0)
g =245
-> class 1 [0.988]

Rule 102: (6402/90, lift 2.0)
g=40
-> class 1 [0.986]

Rule 103: (1212/22, lift 2.0)
g =253
-> class 1 [0.981]

Rule 104: (1455/30, lift 2.0)
g =250
-> class 1 [0.979]



Rule 105: (43, lift 2.0)
g=251
-> class 1 [0.978]

Rule 106: (714/16, lift 2.0)
g =256
-> class 1 [0.976]

Rule 107: (2523/70, lift 1.9)
g=243
-> class 1 [0.972]

Rule 108: (2333/90, lift 1.9)
g =217
-> class 1 [0.961]

Rule 109: (1184/53, lift 1.9)
g=39
-> class 1 [0.954]

Rule 110: (221269/13100, lift 1.9)
g=143
-> class 1 [0.941]

Rule 111: (21379/90, lift 1.9)
g =255
-> class 1 [0.934]

Rule 112: (100/8, lift 1.8)
g=103
-> class 1 [0.912]

Rule 113: (2994/327, lift 1.8)
g = 247
-> class 1 [0.891]

Rule 114: (22936/3922, lift 1.7)
g=2
s >5.447378
-> class 1 [0.829]

Rule 115: (25146/5009, lift 1.6)
a> 134.6682
g=2
s > 2.833364
-> class 1 [0.801]

Rule 116: (7274/1712, lift 1.5)
g=70
-> class 1 [0.765]

Rule 117: (50949/12283, lift 1.5)
g=31
w > 2.925628e-007
-> class 1 [0.759]

Rule 118: (26487/6455, lift 1.5)
g=15
-> class 1 [0.756]

Rule 119: (5116/1290, lift 1.5)
g =68
-> class 1 [0.748]
Rule 120: (54510/15346, lift 1.4)
g=31
-> class 1 [0.718]

Default class: 1

Evaluation on training data (661342
cases):

295958 34713 (a):classO
17986 312685 (b): class 1

Attribute usage:
99% Geology (g)
26% Slope (s)
13% Aspect (a)

10% Curvature (c)
8% Wetness Index (w)

Time: 8.0 secs
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C5.0 [Release 2.08]
21:00:52 2014

Thu Aug 28

Options:

Application
"F:\SBproject2014\sb14_flowV2\sb14 flo
wv2'

Rule-based classifiers

Pruning confidence level 1%

Tests require 2 branches with
>=400 cases

Class specified by attribute “landslide’

Read 32862 cases (10 attributes) from
F:\SBproject2014\sb14 flowV2\sh14_flo
wv2.data

Rules:

Rule 1: (3931/463, lift 1.8)
w > 0.001329287
s <=12.22527
rc >-0.2129432
c >-2.60321
-> class 0 [0.882]

Rule 2: (11155/1458, lift 1.7)
s <=10.51267
-> class 0 [0.869]

Rule 3: (2303/344, lift 1.7)
t=2
s <= 14.51246
rc <=-0.2129432
C <=2.848145
-> class 0 [0.850]

Rule 4: (604/136, lift 1.5)
t=1
s <= 31.27156
rc <=-0.2129432
€ <=2.848145
-> class 0 [0.774]

Rule 5: (3276/974, lift 1.4)
t=2
s <= 31.27156
rc <=-0.2129432
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pc > 0.006978734
c <=2.848145
-> class 0 [0.703]

Rule 6: (5349/701, lift 1.7)
s >14.51246
a > 104.5046
a <= 152.2896
-> class 1 [0.869]

Rule 7: (9642/2368, lift 1.5)
S >14.51246
pc <= 0.006978734
-> class 1 [0.754]

Rule 8: (21692/6731, lift 1.4)
s > 10.51267
-> class 1 [0.690]

Default class: 1

Evaluation on training data (32862 cases):

8 7291(22.2%) <<

(@) (b) <-classified as
11504 4927 (a):classO
2364 14067 (b): class 1

Attribute usage:

100% Slope (s)

39% Plan Curvature (pc)
26% Profile Curvature (rc)
26% Curvature (c)

16% Aspect (a)

14% Terrain (1)

12% Wetness Index (w)

Time: 0.3 secs
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C5.0 [Release 2.08] Mon Nov 24
21:18:27 2014

Options:

Application
"F:\Wollongong_14\slides\wng14_v2\wng
14 v2'

Rule-based classifiers

Pruning confidence level 1%

Tests require 2 branches with
>=400 cases

Class specified by attribute “landslide’

Read 65462 cases (11 attributes) from
F:\Wollongong_14\slides\wng14_v2\wng
14 v2.data

Rules:

Rule 1: (2817, lift 2.0)
veg = 13
-> class 0 [1.000]

Rule 2: (7082, lift 2.0)
veg =78
-> class 0 [1.000]

Rule 3: (652, lift 2.0)
veg=4
-> class 0 [0.998]

Rule 4: (458, lift 2.0)
veg = 22
-> class 0 [0.998]

Rule 5: (292, lift 2.0)
geo =15
-> class 0 [0.997]

Rule 6: (236, lift 2.0)
veg = 20
-> class 0 [0.996]

Rule 7: (255, lift 2.0)
geo = 84
-> class 0 [0.996]
Rule 8: (269/1, lift 2.0)
veg =6
-> class 0 [0.993]

Rule 9: (116, lift 2.0)

329

geo =14
-> class 0 [0.992]

Rule 10: (4184/45, lift 2.0)
geo =18
-> class 0 [0.989]

Rule 11: (70, lift 2.0)
geo = 252
-> class 0 [0.986]

Rule 12: (381/5, lift 2.0)
geo = 68
veg = 35
-> class 0 [0.984]

Rule 13: (16847/286, lift 2.0)
geo =35
-> class 0 [0.983]

Rule 14: (54, lift 2.0)
geo =95
-> class 0 [0.982]

Rule 15: (3039/77, lift 1.9)
geo =20
-> class 0 [0.974]

Rule 16: (35, lift 1.9)
veg = 63
-> class 0 [0.973]

Rule 17: (31, lift 1.9)
veg =74
-> class 0 [0.970]

Rule 18: (98/2, lift 1.9)
geo = 246
-> class 0 [0.970]

Rule 19: (527/17, lift 1.9)
veg =3
-> class 0 [0.966]

Rule 20: (439/16, lift 1.9)
veg=5
-> class 0 [0.961]

Rule 21: (109/4, lift 1.9)
veg = 33
-> class 0 [0.955]

Rule 22: (16, lift 1.9)
veg = 83



-> class 0 [0.944]

Rule 23: (15, lift 1.9)
veg = 98
-> class 0 [0.941]

Rule 24: (10, lift 1.8)
veg = 84
-> class 0 [0.917]

Rule 25: (143/12, lift 1.8)
geo = 248
-> class 0 [0.910]

Rule 26: (210/19, lift 1.8)
geo = 68
veg = 34
-> class 0 [0.906]

Rule 27: (7, lift 1.8)
veg = 69
-> class 0 [0.889]

Rule 28: (7, lift 1.8)
veg = 86
-> class 0 [0.889]

Rule 29: (1451/162, lift 1.8)
geo =52
-> class 0 [0.888]

Rule 30: (214/28, lift 1.7)
veg =61
-> class 0 [0.866]

Rule 31: (87/14, lift 1.7)
geo = 68
veg =29
-> class 0 [0.831]

Rule 32: (182/32, lift 1.6)
geo =43
-> class 0 [0.821]

Rule 33: (2, lift 1.5)
geo =92
-> class 0 [0.750]

Rule 34: (21903/5551, lift 1.5)
slp <= 7.03699
-> class 0 [0.747]

Rule 35: (971/362, lift 1.3)
geo = 68
veg = 10
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-> class 0 [0.627]

Rule 36: (187/2, lift 2.0)
geo =254
-> class 1 [0.984]

Rule 37: (42/1, lift 1.9)
geo =251
-> class 1 [0.955]

Rule 38: (5865/295, lift 1.9)
geo =70
-> class 1 [0.950]

Rule 39: (2904/159, lift 1.9)
geo = 245
-> class 1 [0.945]

Rule 40: (6677/370, lift 1.9)
geo =40
-> class 1 [0.944]

Rule 41: (427/26, lift 1.9)
geo =44
-> class 1 [0.937]

Rule 42: (1261/85, lift 1.9)
geo = 253
-> class 1 [0.932]

Rule 43: (2225/159, lift 1.9)
slp > 7.003331
geo = 217
-> class 1 [0.928]

Rule 44: (1545/112, lift 1.9)
geo = 250
-> class 1 [0.927]

Rule 45: (11344/1101, lift 1.8)
veg = 82
-> class 1 [0.903]

Rule 46: (2751/289, lift 1.8)
geo = 243
-> class 1 [0.895]

Rule 47: (1243/135, lift 1.8)
geo =39
-> class 1 [0.891]

Rule 48: (299/32, lift 1.8)
geo = 68
veg=1
-> class 1 [0.890]



Rule 49: (2299/254, lift 1.8)
veg =52
-> class 1 [0.889]

Rule 50: (791/102, lift 1.7)
geo = 256
-> class 1 [0.870]

Rule 51: (3539/533, lift 1.7)
veg = 37
-> class 1 [0.849]

Rule 52: (3206/637, lift 1.6)
veg = 30
-> class 1 [0.801]

Rule 53: (1633/364, lift 1.6)
geo = 255
-> class 1 [0.777]

Rule 54: (38/8, lift 1.5)
geo = 68
veg = 16
-> class 1 [0.775]

Rule 55: (3084/715, lift 1.5)
slp > 7.03699
geo = 247
-> class 1 [0.768]

Rule 56: (792/203, lift 1.5)
geo = 68
veg = 31
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-> class 1 [0.743]
Rule 57: (6761/2913, lift 1.1)

geo = 68

-> class 1 [0.569]

Default class: O

Evaluation on training data (65462 cases):

No Errors

57 5010( 7.7%) <<

(@) (b) <-classified as

28966 3765 (a):classO
1245 31486 (b): class 1
Attribute usage:
98% Geology (geo)

55% Vegetation (veg)
42% Slope (slp)

Time: 0.5 secs
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Appendix 5: Wollongong flow susceptibility modelling — Optimumrule-set
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C5.0 [Release 2.08]
11:03:23 2014

Tue Nov 25

Options:
Application
"F:\Wollongong_ 14\flows\wng14 v2\wng
14 fiv2'
Rule-based classifiers
Pruning confidence level 1%
Tests require 2 branches with
>=300 cases

Class specified by attribute “landslide’

Read 7842 cases (10 attributes) from
F:\Wollongong_14\flows\wng14 v2\wng
14 flv2.data

Rules:

Rule 1: (877, lift 2.0)
veg =78
-> class 0 [0.999]

Rule 2: (328, lift 2.0)
veg =13
-> class 0 [0.997]

Rule 3: (206, lift 2.0)
veg = 89
-> class 0 [0.995]

Rule 4: (155, lift 2.0)
veg =24
-> class 0 [0.994]

Rule 5: (91, lift 2.0)
veg = 35
-> class 0 [0.989]

Rule 6: (81, lift 2.0)
veg =4
-> class 0 [0.988]

Rule 7: (61, lift 2.0)
veg =77
-> class 0 [0.984]

Rule 8: (56, lift 2.0)
veg =3
-> class 0 [0.983]
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Rule 9: (48, lift 2.0)
veg=>5
-> class 0 [0.980]

Rule 10: (43, lift 2.0)
veg = 34
-> class 0 [0.978]

Rule 11: (39, lift 2.0)
veg =17
-> class 0 [0.976]

Rule 12: (37, lift 1.9)
veqg =44
-> class 0 [0.974]

Rule 13: (32, lift 1.9)
veg =20
-> class 0 [0.971]

Rule 14: (27, lift 1.9)
veg = 16
-> class 0 [0.966]

Rule 15: (26, lift 1.9)
veg = 62
-> class 0 [0.964]

Rule 16: (1416/51, lift 1.9)
asp > 221.6175
-> class 0 [0.963]

Rule 17: (23, lift 1.9)
veg = 60
-> class 0 [0.960]

Rule 18: (20, lift 1.9)
veg=6
-> class 0 [0.955]

Rule 19: (20, lift 1.9)
veg = 61
-> class 0 [0.955]

Rule 20: (13, lift 1.9)
veg =29
-> class 0 [0.933]

Rule 21: (12, lift 1.9)
veg =81
-> class 0 [0.929]

Rule 22: (11, lift 1.8)



veg = 33
-> class 0 [0.923]

Rule 23: (10, lift 1.8)
veg =59
-> class 0 [0.917]

Rule 24: (9, lift 1.8)
veg=7
-> class 0 [0.909]

Rule 25: (6, lift 1.8)
veg =21
-> class 0 [0.875]

Rule 26: (5, lift 1.7)
veg = 14
-> class 0 [0.857]

Rule 27: (4, lift 1.7)
veg = 63
-> class 0 [0.833]

Rule 28: (4, lift 1.7)
veg =72
-> class 0 [0.833]

Rule 29: (3966/1006, lift 1.5)
slp <= 13.22317
-> class 0 [0.746]

Rule 30: (88, lift 2.0)
veg = 58
-> class 1 [0.989]

Rule 31: (78, lift 2.0)
slp <= 13.22317
veg = 45
-> class 1 [0.988]

Rule 32: (524/17, lift 1.9)
asp <= 221.6175
veg = 85
-> class 1 [0.966]

Rule 33: (24/1, lift 1.8)
slp <= 13.22317
veg =79
-> class 1 [0.923]

Rule 34: (359/32, lift 1.8)

asp <= 221.6175
veg =52
-> class 1 [0.909]

Rule 35: (134/14, lift 1.8)
asp <=221.6175
veg=1
-> class 1 [0.890]

Rule 36: (379/44, lift 1.8)
asp <= 221.6175
veg = 37
-> class 1 [0.882]
Rule 37: (740/96, lift 1.7)
asp <=221.6175
veg = 82
-> class 1 [0.869]
Rule 38: (3602/698, lift 1.6)
slp > 13.22317
asp <=221.6175
-> class 1 [0.806]

Default class: O

Evaluation on training data (7842 cases):

38 996(12.7%) <<

(@) (b) <-classified as

3470 451 (a): classO
545 3376 (b): class 1

Attribute usage:
97% Slope (slp)

70% Aspect (asp)
58% Vegetation (veg)

Time: 0.1 secs
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Appendix 6

Appendix 6: Site 229 borehole records
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CORE LOG SHEET

Clint: Wallonacsa - (ke Covacil A "
Project : {andelide |mveshonkin - HOLE No. BHz -
Location : Mt. Ziia Rd SHEET 2, OF3 .
Position : #0/m Notthedst BHI | E of Pavement ‘Surface Elevation:  — Angle from Horisoutal :  90.0
Rig Type: Cremco " Mounting: Tailor  Contractor : Puy] Boefs Drlling Driller : _Payl Poers
Casing Diameter: HW . Barrel (length): [Spm Bit : Stepfaced Diangnd’ Bit Condition : New - -
e i : ‘
Date Started : (4151 2000 - Dabe Completed - 18 hiolzae0- - Logged by : P.F. Date Logged :  18110/20m
g T Estimated NATURAL FRACTURES
DESCRIPTION Strength
Lo MPa Spacing ADDITIONAL DATA
PO ROCK TYPE, colour, grain sise, structure | (50) (mm) (Joints, partings, seams,
oo 8A '3& i (texture, mineral composition, hardness, | 2 frackure or shear sones, veins)
EE - ml— Y le alteration, cementation, etc. as applicable) | oz ™
Hold-clocibal & | = and Y1lSm 2| Fracture type, orientation,
ﬁs E :'E ‘5 2 %l_.\. ~ g moisture, colour, consistency, ’E M G)Qg a infilling or coating, shape,
5 %“ g ég 3\ %E é 5 structure, SOIL TYPE (origin) u i_‘?jgi lg& OV g roughness, other.
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5 See standard sheets for . ’ Job No.
details of abbreviations
& basis of descriptions .
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|
|

Position : 255m  NE Jm%unovrse 2:5m E ob Pavemeat Angle from Horisontal :  90.0
RigType: (emico Dall 2600 Mounting : “Trallar Coatractor 1 Jayl Poers Dnlling Driller: PR -
Casing Diameter: _ }jw Barrel (length ) :  I'6m Bit : shypediace DicmondBit Condition ; New
Dats Started : |q,‘1m_\1wo L) Date Completed : [@{\o]uoo Logged by : P.F. Date Logged : Islw[ﬂmo
g Estimated NATURAL FRACTURES
DESCRIPTION
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BLS ~ MAY 1988

BOREHOLE LOG SHEET

Client : ) if
i Mﬂ%jéfﬁsm

Project :

Location : 41/ b n 4./, ;éﬂuc Gl Goete % bk /{(,wp,, o clagh-

HOLE No. |/

SHEET | OF 3

from Horizontal :

Position : M 2w Eagf,chSurface Elevatlon v Angle
Rig Type : Cukon 2002 %ounting : 7ruler  Contractor : bt £ees Dl

Date Started : /7//0hocy  Date Completed : Logged by : /= /

Driller : 2,/

DRILLING GEOTECHNICAL

DESCRIPTION

DESCRIPTION
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METHOD
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CORE LOG SHERT

Clieat s Wollonasna (it Counul /
Project: Landslide lweshaahon Sile 22 HOLE No. BH f
Location : Mt Keira Ad SHEET & OF 3. .
Position : Saoln End of abvivam ~ am Eod o Bihmes  Surface Rlevation : Angle from Horisoutal :  90.0
Rig Type: (1emco Mounting : TrAlor Contractor : Paul Boers: . Driller: P/ Baore
Casing Diameter : Nw Barrel (length ) :  [:Gp, Bit : Sheptared’ diaord Bit Condition : K-
Date Started: 17/10[ 2000  Date Completed : Logged by : P.F. Date Logged :
L' Estimated NATURAL FRACTURES
DESCRIPTION Strength , =
_ Il(so)MPa Spacing .‘Al.)DI OI:AL DATA
0 ﬂ ° ROCK TYPE, colour, grain size, structure | (mm) (ioints, partings, peams,
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g.a g ég e\ gt ‘_z! PJ, structure, SOIL TYPE (origin) % H ASSSS] g roughness, other.
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CORE LOG SHEET

Clieat : flilsnaona . Citd Covacil )
Project: (andslide Nveshaahm  Site 212 HOLE No. BH 1 ‘_
Location : Mt Keim fd SHEET 2. OF3..
Position :  Sosth End § Sl‘l’aljht Surface Elevation : Angle from Horisontal :  90.0
Rig Type : . (1emco Mounting : Tralle - Contractor :  PED Driller: B
Casing Diameter : NW./ Barrel (length ) : L5m - Bit : SfePfaced Diamosd Bit Condition : New
Date Started 1 17/10] 2000 Date Completed : 1710 2000 - Logged by : P.F, Date Logged : 17]10|2000
' Estimated NATURAL FRACTURES
DESCRIPTION Stcength
I‘ MP Spacing ADDITIONAL DATA
s a g .
0w @ « ROCK TYPE, colour, grain size, structure | ¢ (50) (mm) (Joints, partings, Beams,
. A 'OE y (texture, mineral composition, hardness, | = fracture or shear sones, veins)
E =N T+ alteration, cementation, etc. as applicable)| o2 ™
Ew d-clocla & 1 and u - &| Fracture type, orentation,
dg E :'E ‘62 %E ~ g moisture, colour, consistency, '&': XD &58 a infilling or coating, shape,
gl ] oeee® | H ,
. E-ﬁ % ég 8\ %{: é B structure, SOIL TYPE (origin) g & s H roughness, other
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details of abbreviations
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wollongong

Ty af innovaton

. - -
V/ Engineering Log - Borehole

Wollongong City Council - Geotechnical Services

Client: UOWAMCC — Landslide Research

Project : Mt Keira Landslide Study

Location - Replacement Inclinometer: GMW 001 — 1.5m Morth

Lab Number: GT13.173
Borehole No - GMW 003—-Pqg 1/2
Date - 22572013
Logged/Checked by: KBITH

Drill Model & Mounting: Gemco Slope: 3 deg. R.L. surface:
Hole Diameter - 125mm Bearing: 90 deg. Datum: AHD
= -E g | 2 S g\ a MATERIAL DESCRIPTION E |8
2 2 2 | B |5l 2| 5 8 |58 Remarks & additional
E 5 E E p=y - ‘é §  |Soil type, plasticity or particle characteristic, colour| & 8= observations
g’ [ § @ E secondary and minor companents % é
8 =18
: /] £ FILL: sandy grawvel {DGB20 and chippings), " Road Pavement {sheulder) 1
— dark grey Material ]
05— —
.70
— A —]
1.0— —
7 FILL: gravelly clay, low plasticity, dark purple/| Appears moderatehyiwell
] 1 F brown, grey, with trace of basalt gravel M compacted. Partofroad fill |
15 kRS fragments. batter 1
2.0
] Sandy CLAY, medium plasticity, orange | pepy |Frost| COLLUVIUM, sand and clay
E ] brown, brown blend
' 25— o —
o — 1
'- p— —
1 Change to orange brown, brown (lighter in 5t | Sandstone fragments increasing |
] colour) 1
o [3.0— |
= —] —
—
o _] 1
-
% . — Grey XWIRS sandstone, appears completely| Coluyial material —
E PF5 weatherad
S —] —
o N ]
a ] 1
40— —
—] Inclinometer shows slide plane a5
4.5 +4m
TC labouring in rock —
SANDSTONE (Wombarra Claystone) W |LSMS :
5.0 ]

S0O18B : March 09
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wollongong

o - -
V/ Engineering Log - Borehole

1y of irmovaticn

Wollongong City Council - Geotechnical Services

Client: UOWMCC — Landslide Research

Project © Mt Keira Landslide Study

Location : Replacement Inclinometer: GMW 001 — 1.5m North

Lab Number: GT13.173
Borehole Mo - GMW 003—Pq 2/2
Date : 22/572013
Logged/Checked by. KB/TH

Drill Model & Mounting. Gemco  Slope: 3 deg. R.L. surface:
Haole Diameter - 125mm Bearing: 90 deqg. Datum: AHD
- % g 24, 8| a MATERIAL DESCRIPTION T |8
2| 2 2| & |Tg| D £ 2 |zE Remarks & additional
E 5 E E = S EL ®  |Soil type, plasticity or particle characteristic, colour| & § z observations
g - § b = secondary and minor components % |2
& =]
3 = |8
s —
o 5o w SANDSTONE{Wombarra Claystone) MW |LsMs hard TC rling ~ __|
(& —
= _|
6.5 _
M5 1C refusal @ 6.20m ]
7.0—o| BH1 Terminated @ 6.90m (refusal to TC hit)

S018B : March 09
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