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Notation
P(LOL)

Description
the annual risk (probability) of loss of life (death) of a person from landslides

P(L)

the annual probability of the initiating event (landslide);

P(T:L)

the probability of the landslide (e.g. the debris from a landslide of a given type)
reaching the element at risk;

P(S:T)

the spatio-temporal probability of the person at risk (the proportion of a year that the
person is in the path of the landslide when it reaches or passes the element at risk);

V(D:T)

the vulnerability of the person to the landslide event (the probability that
the person will be killed if impacted by the landslide).

PUB

upper bound conditional probability used to calculate risk from landslides that occur
during one triggering event.

VOLx:

a given volume class (e.g. 100 m³)

EILx

a representative earthquake band (e.g. Band 1)

RILx

a representative rainfall band (e.g. Band 1)

NEQ:(VOLx:EILx)

the number of landslides of a given volume class occurring within each watershed and
within each earthquake band

LSAEILx

the forecast area of landslides in a watershed, if the representative earthquake band
were to occur

PVOLx:EILx

the probability of a given earthquake induced landslide volume class occurring if the
representative earthquake band were to occur

AVOLx
NR:(VOLx:RILx)

the source area of a landslide for a given volume class
the number of landslides of a given volume class occurring within each watershed and
within each rainfall band

LSARILx

the forecast area of landslides if the representative rainfall band were to occur

PVOLx:RILx

the probability of a given rainfall induced landslide volume class occurring if the
representative rainfall band were to occur

PIN
PIN:VOLx:50%

the probability of inundation
the probability of inundation for a given volume class in the 50% runout probability of
exceedance extent.

PIN:VOLx:2.3%

the probability of inundation for a given volume class in the 2.3% runout probability of
exceedance extent

PIN:1(VOLx)

the probability of inundation within a source region from one landslide in each volume
class

AVOL:100

the total area of the source region of the smallest landslide volume class (the 100 m 3
class) within the given watershed

PIN:N(VOLx)

the probability of inundation within a source region from all landslides in each volume
class

PIN:N(VOLx:50%)

the probability of debris from a landslide of a given volume class within the 50% runout
probability of exceedance extent.

PIN:N(VOLx:2.3%)

the probability of debris from a landslide of a given volume class within the 2.3% runout
probability of exceedance extent.

PDEATH
PDEATH:VOLx:EILx:POEx

the probability of death
the probability of death for landslides in each volume class and within each earthquake
band at given runout probability of exceedance extent

PDEATH:ALL_EILx
AfEIL x
iv

the probability of death for all landslides that occur within a given earthquake band
the annual frequency for a given earthquake band
GNS Science Consultancy Report
2021/89

DRAFT

Confidential 2021

LPR EIL x

the local personal risk from landslides that occur within a given earthquake band

LPREIL:Total

the local personal risk from landslides that are triggered by all earthquake bands

PDEATH:RILx:VOLx:POEx.

the probability of death for landslides in each volume class and within each rainfall
band at given runout probability of exceedance extent

PDEATH:ALL_RILx

the probability of death for all landslides that occur within a given rainfall band

LPRRIL x

the local personal risk from landslides that occur within a given rainfall band

LPRRIL:Total

the local personal risk from landslides that are triggered by all rainfall bands

GNS Science Consultancy Report 2021/89

v

DRAFT

Confidential 2021

EXECUTIVE SUMMARY
Canterbury Regional Council (CRC) and Kaikōura District Council (KDC) commissioned the
Institute of Geological and Nuclear Sciences (GNS Science) to map areas of the KDC district
that could potentially be affected by landslides triggered by earthquakes and/or rainfall.
GNS Science has carried out a district-scale quantified landslide risk analysis for the debris
inundation areas, identified in Phase 1 of the project, triggered by earthquake and rainfall
events. The objective of this Phase 2 study is to inform KDC and CRC of the spatial variation
of risk to life and the factors that most contribute to landslide risk in the study area.
The quantitative landslide risk analysis used in this Phase 2 study is based on risk-estimation
methods that follow appropriate parts of the Australian Geomechanics Society framework for
landslide risk management (Australian Geomechanics Society 2007). It provides risk estimates
suitable for use under SA/SNZ ISO1000: 2009. The risk analysis quantifies the risk to people
– in this case, the loss of life –in the study area. The landslide risk metrics adopted for this
study are: (i) the local personal risk (LPR) and (ii) the annual individual fatality risk (AIFR).
The LPR’s calculated in this report assume a person is present 100% of the time, therefore
these LPR values are equivalent to AIFR if a person is present 100% of the time, i.e. the person
most exposed. To calculate the AIFR from landslide hazards to a person in a dwelling, the
estimated LPR for a given dwelling can be multiplied by the proportion of time that the person
may spend in the dwelling per year. For example, if a person only spends 50% of their time a
day (and per year) in the dwelling, then the AIFR would be 50% lower than the estimate LPR
for the given dwelling (AIFR = LPR × 0.5).
The conclusions from this study are:
1.

The LPR from landslide hazards varies as a function of the proximity of
a person or dwelling to the steeper slopes and/or whether they are on a debris flow fan.

2.

The main contributor to the LPR is from rainfall-induced landslides (RIL). This is because
RIL events occur more frequently than strong earthquakes.

3.

The LPR from earthquake-induced landslides (EIL) tends to decrease rapidly with
increased distance from the toe of the steeper slopes, relative to the LPR from RIL.
This is because the debris from RIL is wet and tends to travel further than the typically
dryer debris associated with EIL.

4.

The LPR from RIL tends to be slightly higher around the Clarence Valley region and
further north. This reflects:
the slightly higher 24-hour rain amounts estimated for the given rain bands from
High Intensity Rainfall Design System (HIRDS); and
the more susceptible nature of the geological materials – mainly soils, sandstones,
siltstones and limestones – compared to the stronger greywacke sandstones that
form the majority of the slopes south of the Clarence Valley

5.

vi

The LPR from EIL is highest along the steeper coastal sections of the Kaikōura district,
especially along State Highway 1 to the north and south of Kaikōura and in the Mt Fyffe
and Clarence River areas.
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The sensitivity of the risk model to key uncertainties and the reliability of the assessments
were investigated by changing some of the input variables used; these were: the number
of landslides triggered by earthquake and 24-hour rainfall triggers; the impact of climate
change on increasing the 24-hour rainfall amount forecast to occur at the given annual
frequencies; the probability of landslide debris passing a given distance down the slope
– runout probability of exceedance (POE) per Fahrböschung; and the vulnerability of a
person present being hit and killed by landslide debris.
These uncertainties are expressed as factors of difference. A factor of difference
of 10 represents an order of magnitude change in the risk estimates e.g. the risk
changes from 1 x 10-5 to 1 x 10-4.
These uncertainties combine to give a total factor of difference of between 8 and
10, which is up to an order of magnitude uncertainty on the risk estimates in either
direction.
This means that a location with an AIFR of 10-4 (1 chance in 10,000 of being killed
per year) could feasibly have an AIFR as low as 10-5, if all the optimistic
(nonconservative) values of the variables used in the risk model were adopted.
Conversely the AIFR at the same location may be as high as 10-3 if all the
pessimistic (conservative) values for the variables in the risk model were assumed.
This difference is between the risk estimates that adopt all the ‘mean’ (scenario 1)
values, versus those that adopt all the upper (scenario 9) values, for the variables
used in the risk model.

7.

The two most significant uncertainties in this analysis were: (i) the impact of climate change
on increasing the 24-hour rainfall amounts that could occur at the given annual frequencies
and (ii) the runout POE for each Fahrböschung extent. These two variables combine to
give a total factor of difference between the risk estimates of between 5 and 6.

Recommended next steps for KDC and CRC are:
1.

KDC and CRC consider establishing risk criteria for determining the tolerability or
otherwise of landslide risk across the district, based on societal acceptance of comparable
levels of risk arising from other sources. Such criteria should be based around a defined
sustainable upper limit of tolerability of, for example, LPR or AIFR, that represents the
risk level above which KDC and CRC does not consider it tolerable for there to be people
at risk in their properties in the longer term.

2.

From past examples, including the Port Hills, Canterbury, the sustainable threshold of
AIFR should be set within a range from 3 x 10-5 to 1 x 10-3 per year, consistent with risk
levels currently tolerated in New Zealand and with regulatory practice elsewhere. A
suitable starting point for KDC and CRC’s deliberation as to where to set their threshold
within this range would be a level of 1 x 10-4 (1/10,000 per year) AIFR.

3.

KDC and CRC could adopt a lower threshold of LPR or AIFR above which development
is controlled to prevent accumulation of people in areas of substantial risk below the
sustainable threshold of tolerability. Such a threshold could be set 10 times below the
tolerability threshold for general property uses involving significant occupancy by people
and 100 times below the tolerability threshold for particularly sensitive property uses (e.g.
schools, care homes, hospitals).
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INTRODUCTION

Canterbury Regional Council (CRC) and Kaikōura District Council (KDC) commissioned the
Institute of Geological and Nuclear Sciences (GNS Science) to map areas of the KDC district
that could potentially be affected by landslides triggered by earthquakes and/or rainfall. It is
understood that the results from this project may be used to underpin parts of the KDC District
Plan change with regards to their natural hazards provisions, which is being reviewed after the
MW7.8 14 November 2016 Kaikōura earthquake.
The work in this report was carried out under the agreed terms and conditions of the Approved
Contractor Agreement, Contract No 1211-20/21 between CRC and GNS Science for the period
May 2021 to April 2024.
The area covered by this study is shown in Figure 1.1.
This work be carried out in two phases:
•

Phase 1: To provide a district-scale deterministic assessment of the locations within the
project area that could be affected by landslide hazards.

•

Phase 2: To provide a district-scale probabilistic analysis of the landslide hazards
identified in Phase 1 and their risk to life.

Phase 2 could not be done without completing Phase 1. Phase 1 was completed in March
2020 and the results are reported in CR2019/102 (Brideau et al. 2020). This report presents
the results from Phase 2 of the work.
The scope of work, study area and budget for this Phase 2 work were outlined in Proposal
number Q31199419, which was approved by CRC on 28 June 2021.
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Figure 1.1

1.1

Study area location.

Project Objectives

The objective of this Phase 2 study is to inform KDC and CRC of the spatial variation of risk to
life and the factors that most contribute to landslide risk in the study area.
GNS Science has carried out a district-scale quantified landslide risk analysis for the debris
inundation areas identified in Phase 1 of the project, as shown in the study area in Figure 1.1,
that may be triggered by earthquake and rainfall events.
The quantitative landslide risk analysis is based on risk-estimation methods that follow
appropriate parts of the Australian Geomechanics Society framework for landslide risk
management (Australian Geomechanics Society 2007). It provides risk estimates suitable for
use under SA/SNZ ISO1000: 2009.
The risk analysis quantifies the risk to people– in this case, the loss of life – in the study area.
The landslide risk metric adopted for this study are local personal risk (LPR) and annual
individual fatality risk (AIFR).

2
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The LPR: a widely used risk metric (e.g. Massey et al. 2020a; Crowley et al., 2017; Jonkman
et al., 2003) that represents the annual probability of death for a theoretical imaginary person
present at a particular location for 100% of the time (24 hours a day and 365 days of the year).
It is a useful metric to visualise the spatial distribution of risk in the study area and can be used
to help plan and/or re-align buildings and roads.
The AIFR is expressed in terms of the fatality risk experienced by an individual (probability of
death and can include life-threatening injuries) over one full year of living in a dwelling in the
study area. The risk is calculated for a person that spends different amounts of time present in
a dwelling per year. The units of AIFR are probability of fatality (death or loss of life, per year.
Information on how to calculate AIFR from LPR data is provided in this report
The uncertainties relating to the parameters used in the risk analyses, and their impact on
the risk estimates, have also been quantified to give some indication of the accuracy of the
risk results. This work does not include any assessment of the river-related (fluvial) flooding,
erosion or debris flood hazards associated with the streams and rivers in the area (Figure 1.1)
or the risk from other natural hazards, such as tsunami.
The project comprises the following tasks, which were carried out for the study area shown in
Figure 1.1:
1.

Collate historical rainfall and landslide records to develop rainfall-induced landslide (RIL)
magnitude and annual frequency relationships.

2.

Adopt the earthquake-induced landslide (EIL) susceptibility models developed by Massey
et al. (forthcoming 2021) and develop landslide magnitude frequency relationships linked
to earthquake ground shaking intensity.

3.

Develop geospatial landslide risk models using the hazard footprints developed in
Phase 1 of this work and adapt where needed.

4.

Carry out field validation of the risk analysis results.

This Phase 1 and Phase 2 work relies upon the datasets developed for the MBIE-funded
Endeavour Programme, ‘Earthquake-induced landscape evolution’ (Contract Number:
C05X1709).

1.2

Report Structure

The report has been structured into six sections:
•

Section 1: Introduction and background to this report

•

Section 2: Data used in this study
˗

•

Section 3: Risk analysis methodology
˗

•

Explanation and calculation of risk

Section 4: Risk analysis results
˗

•

Description of the data used and its source

Explanation of key risk drivers

Section 5: Discussion
˗

Consistency with actual experience

˗

Sensitivity of the risk to key uncertainties
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•

˗

Comparison with prehistorical landslide rates

˗

Applying the results

Section 6: Risk in context.

1.3

Personnel

This report has been prepared by Chris Massey, Saskia de Vilder, Biljana Lukovic, Dougal
Townsend and Brenda Rosser (GNS Science). The risk calculations and calculation route
were reviewed by Rob Buxton (GNS Science). This report was independently reviewed by
Prof. Tim Davies (emeritus University of Canterbury). Members of the team visited the study
areas on 29–30 September 2021 to carry out field validation surveys of the risk models and
input data and to meet with KDC and CRC to discuss the results and input variables to be used
in the risk model.
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DATA USED IN THIS STUDY

Table 2.1

Summary of data types, sources and uses within this study.

Data

Description

Source

Date

Where Used in this Analysis

Light Detecting and Ranging

DEM derived from LiDAR survey

AAMs

2016

Used as base topography for the landslide runout

(LiDAR), digital elevation

sampled to 1 m ground resolution and

model (DEM)

subsequently resampled to a 3 m

modelling and risk modelling.

ground resolution.
National New Zealand DEM

New Zealand DEM at 8 m resolution

LINZ

2012

available from the LINZ Data Service.

Used as the base topography for the earthquake- and
rainfall-induced landslide susceptibility analyses. The
DEM and its derivatives were resampled to 3 m
resolution for this analysis

Phase 1 Report:

Identification of main landslide types

Media reports, aerial photograph,

CR2019/102

affecting the study area

local knowledge and survey data

Geospatial extents (maps) of landslide

-

(Brideau et al. 2020)

2020

Used to estimate the volume and runout extent of
landslides in the area

2020

debris inundation areas

Used to identify the area affected by landslides of a given
type and volume.

Empirical landslide runout

Empirical relationships between

Brideau et al. (2021). Database of

models

landslide volume and runout for

landslide types, volumes and

2020

Used by Phase 1 report CR2019/102 to forecast the
distance that different types and volumes of landslides

different types of landslide.

runout, collated by GNS Science.

will travel from the source areas within the study area.
Also used in Phase 2 to generate additional runout areas
for different statistical relationships to explore the
sensitivity of the risk estimates to changes in landslide
runout.

Mapping of pre-Kaikōura

Mapping of landslide distributions

Aerial photography taken

2021

Used to establish a relationship between landslide

earthquake- and rainfall-

initiated by Cyclone Alison (11–12

immediately after the events and

occurrence and rainfall for the study area.

induced landslides and the

March 1975) and ex-Tropical Cyclone

rain gauge records for the events.

This relationship was then used to forecast the number

rainfall that triggered them.

Ita (17 April 2014). Compilation and

and volume of landslides that could be generated in

modelling of rainfall data for these

future rain events.

storms.
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Data

Description

Source

Date

Where Used in this Analysis

Volume characteristics of

The frequency, area and volume of

Massey et al. (2020b)

2021

Used to forecast the number and volume of landslides

landslides triggered by the

landslides triggered by the Kaikōura

MW7.8 2016 Kaikōura

earthquake.

that could be generated in future earthquakes.

earthquake
Earthquake-induced

Statistical model that forecasts the

Massey et al. (forthcoming 2021)

2021

landslide forecast tool for

spatial distribution of earthquake

generating landslides, and the landslide intensity, at

New Zealand: Version 2.0

induced landslide probability over an

different levels of earthquake ground shaking – peak

area at the regional scale.

ground acceleration.
2021

Used to estimate the susceptibility of a slope to

High Intensity Rainfall

The annual exceedance probability of

NIWA

Used to estimate the annual frequency of different

(HIRDS V4)

different 24-hour amounts of rainfall

https://niwa.co.nz/information-

amounts of rainfall, which is then linked to landslide

using historical data and climate

services/hirds

occurrence/intensity.

change scenarios
The New Zealand National

The annual exceedance probability of

Stirling et al. (2012).

2016

Used to estimate the annual frequency of different levels

Seismic Hazard Model

different levels of peak ground

of earthquake shaking (peak ground acceleration), which

(NHSM)

acceleration for site class B

is then linked to landslide occurrence/intensity.

(weathered rock).
1:250,000 Geological Map

Maps describing the geological units

of New Zealand (QMAP)

and materials present in New Zealand

QMAP Seamless (Heron, 2020)

2020

Used as an input within both the earthquake induced
landslide and rainfall induced landslide forecasts tools to
estimate the susceptibility of slope to generating
landslides.
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RISK ANALYSIS METHOD

This report estimates the life-safety risk from landslide hazards to people in dwellings in the
study area. A hazard is a dangerous (or adverse) future event with the potential to cause
harm. For this report and within the study area, the dangerous future events of concern are
landslides falling from the slopes onto people and dwellings. While there are other hazards
within the study area, these are not discussed in this report.
This report estimates the life risk from debris and rock avalanches and debris flows (three
types of landslide) to people in the study area (Figure 1.1). To account for the variability and
uncertainty in estimating life risk, two ‘risk scenarios’ were adopted using the Mean and Upper
estimates of the variables used in the risk analysis; these were:
1.

Mean scenario – adopting the 50th% (“mean”) estimates for the landslide susceptibility
and production rates, debris runout and vulnerability.

2.

Upper scenario – adopting the upper estimates for the landslide susceptibility and
production rates, debris runout and vulnerability. This typically meant adopting the
84th% of the statistical relationships (which is the equal to the mean plus one standard
deviation interval, assuming a normal distribution) relating to landslide occurrence – how
many landslides a rainfall or earthquake event might trigger – and how far the debris
from a landslide might travel down a slope.

The sensitivity of the risk model to changes in these and other variables used in the risk
analyses was also carried out to quantify the overall accuracy of the model.

3.1

Risk Metrics

3.2

Analysis Method Framework

The landslide risk assessment follows appropriate parts of the Australian Geomechanics
Society framework for landslide risk management (Australian Geomechanics Society 2007). A
general overview of the risk calculation method is provided below, with more detailed
information on the calculation route is provided in Section 3.4, Section 3.5 and Section 3.7.
Using the Australian Geomechanics Society guidelines for landslide risk management, we
calculated the annual probability of death (life risk) of an individual from:
P(LOL) = P(L) x P(T:L) x P(S:T) x V(D:T)

GNS Science Consultancy Report 2021/89
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where:
•

P(LOL) is the annual risk (probability) of loss of life (death) of a person from landslides;

•

P(L) is the annual probability of the initiating event (landslide);

•

P(T:L) is the probability of the landslide (e.g. the debris from a landslide of a given type)
reaching the element at risk;

•

P(S:T) is the spatio-temporal probability of the person at risk (the proportion of a year
that the person is in the path of the landslide when it reaches or passes the element at
risk); and

•

V(D:T) is the vulnerability of the person to the landslide event (the probability that
the person will be killed if impacted by the landslide). Here, it is recommended that the
vulnerability should also include the potential for a person to be aware of the hazard
and take evasive action.

Within the study area, there are several situations where the risks from several landslide
hazards have to be summed to give the total risk. These include:
•

where the element at risk and persons are exposed to several types of landslides, e.g.
debris flows, debris avalanches and rock avalanches;

•

where the landslides may be triggered by more than one phenomenon, e.g. rainfall and
earthquakes; and

•

where the element at risk and persons are exposed to several different sizes of landslide
of the same classification from different sources, e.g. debris avalanches of 100 m3, 1,000
m3 and 100,000 m3 volume.

In these cases, Equation 3.1 has been written as:
𝑃(𝐿𝑂𝐿) = ∑𝑛1(𝑃(𝐿) 𝑥𝑃(𝑇 : 𝐿) 𝑥𝑃(𝑆 : 𝑇) 𝑥𝑉𝐷 : 𝑇 )

Equation 3.2

where n is the number of landslide hazards of a given type and volume triggered by a given
phenomenon.
This assumes that the hazards are independent of each other, which may often not be
correct. If one or more of the hazards may result from the same causative event, e.g. a single
rainfall event or earthquake, then the probabilities are estimated using the theory of uni-modal
bounds as follows:
The upper bound
From de Morgan’s rule, the estimated upper bound conditional probability is:
PUB = 1 – (1 – P1) × (1 – P2) ……(1 – Pn)

Equation 3.3

where:
PUB is the estimated upper bound conditional probability and P1 to Pn is the estimate of several
individual hazard conditional probabilities.
This calculation is carried out before applying the annual probability of the common causative
event. If all of the conditional probabilities P1 to Pn are small (<0.01), Equation 3.3 yields the
same value, within acceptable accuracy, as obtained by adding all of the estimated conditional
probabilities.
8
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The lower bound
The lower bound estimate is the maximum individual conditional probability.

3.3

Landslide Types and Locations Analysed

The first step of the risk analysis is to understand the types of landslides that occur at a given
location, as the different landslide types have typical behaviour (e.g. velocity of displacement,
reoccurrence, runout travel distance), which affects how hazardous they can be.
Based on the classification by Hungr et al. (2014), Phase 1 of this study (Brideau et al. 2020)
analysed the potential locations and runout of three types of rapidly moving landslides, which
occur in the study area. These were: (1) debris flows, (2) debris avalanches and (3) rock
avalanches.
These
three
types
of
landslide
cover
both
slippage
and falling debris hazards as defined in the Building Act (2004). Slippage or falling debris
associated with slow-moving landslides, or from rockfalls, has not been assessed as part of
this project.
The Phase 1 report determined the locations where landslides of different types and volumes
are most likely to occur from potential source areas in the study area. This was calculated
using empirical statistical relationships (see Phase 1 report: Brideau et al 2020 for further
information) using landslides generated during the Kaikōura earthquake. In this Phase 2 study,
the source areas and hazard footprints for the study area were taken from the Phase 1 study
(Brideau et al. 2020). The watershed boundaries generated in Phase 1 were typically
represented as second-order and third-order catchment boundaries. These were reviewed and
modified where required to remove gaps and overlaps between adjacent watersheds. These
modified watersheds are the starting point for the landslide risk analyses, with the risk being
estimated for landslides sourcing from within each watershed. This was done to capture the
physiographic differences between watersheds, which can affect the number, location and type
of landslides generated within them.
In the Phase 1 study, a grid cell with a ground resolution of 3 m x 3 m was adopted for all
modelling. In this Phase 2 study, we adopt the same grid cell size for the landslide runout and
risk modelling and a 32 m x 32 m grid cell size for the landslide susceptibility models.

3.4

Probability of the Initiating Event and Landslide Intensity

To estimate the P(L) term of the risk equation, a set of representative events (either earthquake
peak ground acceleration [PGA] bands or 24-hour rainfall amount bands) is chosen to span
the range of event severity from the lowest to the highest. The number and size of landslides
(e.g. the landslide intensity) generated during each band is estimated from empirical data.
More information is provided in Section 3.4.1 for earthquake induced landslides and in Section
3.4.2 for rainfall induced landslides.
3.4.1

Earthquake-Induced Landslides

The probability of an earthquake-induced landslide (EIL) of a given volume occurring in
each watershed at different levels of ground shaking intensity were determined using the
EIL forecast model described by Massey et al. (2018; 2020c; forthcoming 2021). The landslide
susceptibility model, adopting the logistic regression coefficients for the variables listed in
Massey et al. (forthcoming 2021), was used to create forecast grids of landslide probability for
the study area at a resolution of 32 m x 32 m.
GNS Science Consultancy Report 2021/89
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For the modelling, four earthquake bands were adopted based on the annual exceedance
probability (AEP, or annual frequency) from high (frequently occurring) to low (not as frequent)
of a given range of shaking occurring in the study area. These bands represent levels of
earthquake shaking that have equivalent return intervals of approximately 100, 250, 500 and
1000 years (Table 3.1). The PGA for these representative bands were obtained from the
New Zealand National Seismic Hazard Model (NSHM; Stirling et al. 2012). The representative
PGAs for each band vary spatially across the study area and were represented as a 10 km x
10 km (ground resolution) grid. These PGAs were used as inputs for the EIL susceptibility
model.
The following steps were used to develop the EIL probability models for the study region:
•

Step 1: Sample the NSHM PGAs within each representative earthquake band in ArcGIS
for the study area.

•

Step 2: Using the PGA grids from Step 1, estimate the EIL probability within each 32 m
grid cell by including the given PGA for that grid cell, for each band, in the landslide forecast
model, along with the other susceptibility variables required by the model (Figure 3.1).
This was done to produce:

•

˗

four EIL probability grids (one for each band) adopting the mean (50%) coefficients
(Figure 3.2); and

˗

four EIL probability grids adopting the upper (84th%) of the coefficients for the
variables used in the forecast tool (Appendix 1: the 84% coefficients are represented
by the mean + 1 standard deviation).

Step 3: Using the modified watershed boundaries, sum the landslide probabilities
within each watershed separately for each EIL probability grid. The sum of the landslide
probabilities represents the total number of grid cells that are forecast to generate
landslides within the watershed, if the representative earthquake PGAs in the given
band were to occur. By adopting the watershed boundaries, the difference in susceptibility
between them is captured, as some watersheds have higher susceptibility than others,
meaning those that are more susceptible could generate more landslides during
earthquake events.

Table 3.1
Annual frequency of a given PGA occurring in the study area obtained from the NSHM, and the
representative event PGA for each earthquake band.

Earthquake Band
Band 1

Band 2

Band 3

Band 4

PGA: Range (g)

0.2–0.3

0.3–0.5

0.5–0.7

>0.7

PGA: Mean (g)
(Errors at 1σ)

0.24

0.39

0.54

0.70

(±0.01)

(±0.04)

(±0.06)

(±0.09)

0.01

0.004

0.002

0.001

99

249

499

1010

Annual Exceedance
Probability of Band
Equivalent Return Interval
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Figure 3.1
Earthquake-induced landslide susceptibility model inputs related to the 2016 Kaikōura earthquake
and used to forecast landslide occurrence, adopting the logistic regression model from Massey et al. (forthcoming
2021).

Figure 3.2

Earthquake-induced landslide susceptibility model results for earthquake bands 1 to 4.
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•

Step 4: Using the results from each EIL probability grid, multiply the number of forecast
landslide grid cells by the area of a single grid cell (32 m × 32 m = 1024 m2) to determine
the area (in m2) within each watershed that is forecast to be landslides if the PGA
representing the given earthquake band were to occur (LSAEILx).

•

Step 5: For each watershed and earthquake band, determine the number of landslides
of a given volume class occurring within it. The maximum credible landslide volume
class that could occur within each watershed was determined during Phase 1 (which is
the maximum volume source area region within each watershed). In Phase 1, seven
volume classes of landslide were adopted, ranging from 10 m3 to 10M m3. Following
discussions with CRC and KDC during Phase 1, landslide volumes in the 10 m3 class,
were not thought to be problematic for life safety, given their small volume. For this risk
analysis, six volume classes – from 100, 1000, 10,000, 100,000, 1M and 10M m3 – and
their equivalent source areas (m2) were adopted, as described in the Phase 1 report and
shown in Table 3.2. The number of landslides of a given volume class (up to the
maximum credible volume class) within each watershed for each band was then
determined by:
˗

Using the landslide frequency versus source area relationship taken from the
Kaikōura earthquake Version 2.0 landslide inventory (Massey at al. 2020c) to
estimate the probability distribution of landslides that occurred during this
earthquake (Table 3.2).

˗

Using this distribution to estimate the number of landslides of a given volume class
occurring within each watershed and within each earthquake band (NEQ(VOL:EIL)):
𝑁𝐸𝑄:(𝑉𝑂𝐿𝑥:𝐸𝐼𝐿𝑥) = (𝐿𝑆𝐴𝐸𝐼𝐿𝑥 × 𝑃𝑉𝑂𝐿𝑥:𝐸𝐼𝐿𝑥 )/𝐴𝑉𝑂𝐿𝑥

Equation 3.4

where PVOLx:EILx is the probability of the given EIL volume class occurring if the
representative earthquake PGA in the band were to occur, LSAEILx is the forecast
area of landslides from Step 4, and AVOLx is the source area of a landslide for the
given EIL volume class (see the Table 3.2).
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Landslide volume classes and the assumed probability of an earthquake-induced landslide (EIL) of
a given volume class occurring in the 2016 Kaikōura earthquake, adopting Version 2.0 of the mapped
landslide distribution (Massey et al. 2020c).

Landslide
Volume
Class
(m3)

Volume Class
Range (m3)

Source
Area
Mean
(m2)

Source
Area
Upper
(m2)

(1) 100

32–316

70

(2) 1000

>316–3162

(3) 10,000
(4) 100,000
(5) 1M
(6) 10M

Data from the V2.0
Kaikōura EIL Inventory

Number of
Landslides

Proportion
of
Landslides

Assumed
Probability of
an EIL
Occurring
(PVOL:EIL)

85

4116

14%

0.3369*

557

689

15,796

53%

0.3369

>3162–31,623

4443

5579

8481

29%

0.2870

>31,623–316,228

35,433

45,165

1074

4%

0.0363

>316,228–

282,563

365,653

78

0.3%

0.0026

2,253,353

2,960,288

3

0.01%

0.0001

3,162,278
>3,162,278

* The landslide frequency – source area relationship of Massey et al. (2020c) displays a ‘roll over’ in the distribution
at a source area of 500 m2. The equivalent source area volume falls between landslide volume classes (1) and
(2), indicating that the number of smaller landslides (with source areas <500 m 2) are under-represented in the
distribution, probably due to the resolution of the original landslide mapping. Therefore, for volume class (1), it is
assumed that PVOL:EQ is 50% of the sum of volume classes (1) and (2) combined.

3.4.2

Rainfall-Induced Landslides

For RIL, it was assumed that rainfall would be the main trigger, given that past rainstorms
have triggered significant landslides in the region, e.g. Cyclone Alison (March 1975),
ex--Tropical Cyclone Ita (April 2014), Cyclone Debbie (early April 2017), Cyclone Cook (midApril 2017) and ex-Tropical Cyclone Gita (February 2018). The probability of a RIL of a given
volume occurring in each watershed at different levels of rain intensity were determined using
an RIL forecast model developed for this study. This was done using logistic regression, to
train a forecast model on past RIL and the rainfall that triggered them, in the Kaikōura region.
To do this, landslide distributions that were triggered by Cyclone Alison (1975) and ex-Tropical
Cyclone Ita (2014) were used. These were mapped by GNS Science for the EILD Endeavour
Programme. A total of 19,963 landslide source areas were mapped for Cyclone Alison and
3813 for ex-Tropical Cyclone Ita. The method and data used to train the RIL model and
statistical results from fitting the model to the data, along with the coefficients for the variables
used in the final model, are described in Appendix 2.
The landslide susceptibility model, adopting the logistic regression coefficients for the variables
listed in Appendix 2, was used to create forecast grids of landslide probability for the study
area at a resolution of 32 m x 32 m. There were not enough landslide records occurring in
igneous rocks (GeolCode 4 – see Appendix 2 for more information) to statistically fit a logistic
regression model. This is because these materials only cover a small part of the area affected
by landslides in both storms. For those small areas of the study area within igneous rocks
(GeolCode 4), the Greywacke (GeolCode 5) coefficients were instead adopted for landslide
forecasting.
For the modelling, three rainfall bands were adopted based on the AEP from high (frequently
occurring) to low (not as frequent) of a given range of 24-hourly rainfall (cumulative rainfall for
a 24 hour period) occurring in the study area. These bands represent historical amounts of
GNS Science Consultancy Report 2021/89
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rainfall that have equivalent return intervals of approximately 50, 100 and 250 years (Table 3.3).
The 24-hour rainfall amounts for these representative bands were obtained from HIRDS . The
representative 24-hour rainfall amounts for each band taken from HIRDS vary geospatially
across the study area and were represented as a 2 km x 2 km (ground resolution) grid. These
24-hour rainfall amounts were used as inputs for the RIL susceptibility model. To account for
the impact of climate change on the forecast 24-hour rainfall amounts, the historical HIRDS
rainfall amounts were adjusted by a percentage change factor of 22% based on a projected
2.58°C of climate warning for the 2081–2100 period, adopting RCP8.5 (Carey-Smith et al.
2018). These values were chosen based on advice from CRC. The RIL probability was also
estimated using these climate change adjusted 24-hour rainfall amounts as inputs.
The following steps were used to develop the RIL probability models for the study region:
•

Step 1: Use the HIRDS V4 model to sample the 24-hour rainfall amounts for the study
area at 2 km resolution for each of the three bands to create three GIS grids of 24-hour
rainfall for the study area based on historical HIRDS data and three GIS grids that adopt
the climate change scenario (RCP 8.5).

•

Step 2: Using the 24-hour rainfall grids from Step 1, estimate the RIL probability for each
rainfall band within each 32 m grid cell by including the given 24-hour rainfall amount for
that grid cell, for each band, in the landslide forecast model, along with the other
susceptibility variables required by the model. The RIL susceptibility model is described
in Appendix 2. This was done to produce:
˗

Six RIL probability grids (one for each band using the historical and climate change
adapted rainfall amounts) that adopt the mean coefficients from the RIL
susceptibility model (listed in Appendix 2). The probability model outputs adopting
the historical 24-hour rainfall amounts are shown in Figure 3.3.

˗

Six RIL probability grids that adopt the upper (84th%) of the coefficients for the
variables used in the RIL susceptibility model. These are listed in Appendix 2,
where the 84% coefficients are represented by the mean + 1 standard deviation
values.

•

Step 3: Using the modified watershed boundaries, sum the landslide probabilities
within each watershed separately for each RIL probability grid. The sum of the landslide
probabilities represents the total number of grid cells that are forecast to generate
landslides within the watershed, if the representative 24-hour rainfall amount in the given
band were to occur. By adopting the watershed boundaries, the difference in susceptibility
between them is captured, as some watersheds have higher susceptibility than others,
meaning those that are more susceptible could generate more landslides during rainfall
events.

•

Step 4: Using the results from each RIL probability grid, multiply the number of forecast
landslide grid cells by the area of a single grid cell (32 m × 32 m = 1024 m2) to determine
the area (in m2) within each watershed that is forecast to be impacted by landslides if the
24-hour rainfall amount representing the given band were to occur (LSARILx).

Step

14

5:

For
each
watershed
and
24-hour
rainfall
band,
determine
the
number
of
landslides of a given volume class occurring within it. The maximum credible landslide volume class
that could occur within each watershed was determined during Phase 1. These ranged from 10 to
1M m3. Following discussions with CRC and KDC during Phase 1, landslide volumes in the 10 m3
class, were not thought to be problematic for dwellings, given their small volume. There are no RIL
≥1M m3 known to have occurred within the study area. However, for this study, we assume that the
1M m3 volume class could occur in a watershed where conditions allow (refer to the Phase 1 study
and
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Table 3.4 for details). For this risk analysis, five volume classes – from 100, 1000, 10,000,
100,000 and 1M m3 – and their equivalent source areas (m2) were adopted, as described
in Phase 1 and shown in Table 3.2. For this study, we assume that RIL have a similar
source area to volume relationship as EIL, as we have limited data on RIL volumes.
The probability of a landslide of given volume class (up to the maximum credible volume
class) within each watershed was then determined by:

Using the landslide frequency versus source area relationship based on the Cyclone Alison
(1975) and ex-Tropical Cyclone Ita (2014) landslide distributions to estimate the probability
distribution of landslides that occurred during these storms (Table 3.4).
˗

Using this distribution to estimate the number of landslides of a given volume class
occurring within each watershed and within each 24-hour rainfall band (NR(VOL:RIL)):
𝑁𝑅:(𝑉𝑂𝐿𝑥:𝑅𝐼𝐿𝑥) = (𝐿𝑆𝐴𝑅𝐼𝐿𝑥 × 𝑃𝑉𝑂𝐿𝑥:𝑅𝐼𝐿𝑥 )/𝐴𝑉𝑂𝐿𝑥

Equation 3.5

where PVOLx:RILx is the probability of the given RIL volume class occurring if the
representative 24-hour rainfall amount within the band were to occur, LSARILx
is the forecast area of landslides from Step 4, and Avox is the source area of a
landslide for the given RIL volume class (see Table 3.2).
Table 3.3

Annual frequency of a given range of 24-hour rainfall amounts occurring in the study area based on
historical data, obtained from the HIRDS V4 model, and the representative mean 24-hour rainfall
amount for each band The range in rainfall values for each bands is due to changes in across the
district. Rainfall amounts can be multiplied by a factor of 1.22 (22%) to determine RCP 8.5 projected
rainfall amounts.

Rainfall Band
24-hour Rain: Range (mm)
24-hour Rain (Historical):
Mean (mm) (Errors at 1σ)
Annual Exceedance
Probability of Band
Equivalent Return Interval

Figure 3.3

Band 1

Band 2

Band 3

83–288

193–331

227–391

224

258

304

(±21)

(±25)

(±29)

0.02

0.01

0.004

49

99

249

Rainfall-induced landslide susceptibility model results, adopting the historical 24-hour rainfall
amounts, for bands 1 to 3.

GNS Science Consultancy Report 2021/89

15

DRAFT

Confidential 2021

Table 3.4

Landslide volume classes and the assumed probability of a rainfall-induced landslide (RIL) of a given
volume class occurring in the Cyclone Alison and ex-Tropical Cyclone Ita storms.

Number of
Landslides

Proportion of
Landslides

Number of
Landslides

Proportion of
Landslides

Assumed
Probability of
an RIL
Occurring
(PVOL:RIL)

(1) 100

10,944

54.8%

2105

55.2%

54.9%*

(2) 1000

8874

44.5%

1655

43.4%

44.3%

(3) 10,000

143

0.72%

53

1.39%

0.82%

(4) 100,000

2.0

0.010%

None

N/A

0.008%

1.0**

0.0050%

None

N/A

0.0042%

Landslide
Volume
Class (m3)

(5) 1M

Cyclone Alison (1975)

ex-Tropical Cyclone Ita
(2014)

The landslide frequency – source area relationships (both RIL datasets) display a ‘roll over’ in the distributions
at a source area of 100 m2, indicating that the number of smaller landslides (with source areas <100 m 2) are
potentially under-represented in the distribution.

*

** No landslides within this volume class occurred during these two storms. However, landslides of this volume have
occurred post-2016 Kaikōura earthquake during ex-Tropical Cyclone Gita. Although rare, these are possibly
caused in part due to the increased susceptibility of the slopes post-earthquake (as a result of earthquake-induced
displacement and cracking of the slopes). Therefore, for this study, and only for channelised debris flows, it is
assumed that a RIL within the 1M m3 volume class could occur in a watershed where channelised debris flows
are likely to occur. For wet open slope debris avalanches it is assumed that the maximum volume of landslide
that could occur is 100,000 m³

3.5

Probability of the Landslide Hitting the Element at Risk (P(T:L))

The probability of a landslide reaching and hitting an element at risk (P(T:L)) was estimated in
this Phase 2 study using the landslide debris runout extents generated in Phase 1. The Phase
1 work:
•

provided a district-scale deterministic assessment of locations within the project area
that could be affected by debris and rock avalanches (slippage and falling debris
hazards) triggered by earthquakes and rainfall; and

•

delineated the location and extent of debris-flow fans within the project area and provided
a district-scale deterministic assessment of potential debris inundation areas from debris
flows triggered by rainfall.

In Phase 1, the landslide debris inundation areas were modelled in ArcGIS using a set of
empirical relationships based on observations of landslides in New Zealand and worldwide.1
The landslide debris inundation modelling was carried out for three landslide types: (1) debris
flows, (2) debris avalanches and (3) rock avalanches. The landslide debris inundation extents
reported in Phase 1 were estimated based on the 50% runout probability of exceedance (POE)
extent for a landslide type of a given volume. This assumes that, in 50% of cases, it can be
anticipated that the landslide debris would extend further than reported, and, in 50% of cases,
it can be anticipated that the landslide debris would extend less than estimated.

These empirical relationships were based on the ‘Fahrböschung’, sometimes referred to as the ‘angle of reach’
or ‘runout angle’. Heim (1932) proposed that the distance a landslide travels is proportional to its fall height.
The tangent of the ratio of the fall height (ΔH) to horizontal runout distance (L) between the crest of the source
zone and toe of the deposit is known as the Fahrböschung, and it is usually expressed as an angle.

1
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In Phase 2, the same empirical relationships and methods were used to generate a set of
landslide debris inundation areas based on the 97.7% (mean + 2 standard deviations) runout
POE extent of a given landslide type of a given volume. These new extents assume that, in 2.3%
of the cases, landslide debris might extend further than estimated. Debris inundation past the
2.3% runout exceedance extent has not been analysed.
In Phase 1, the debris inundation relationships were established for three types of landslide
initiated under ‘dry’ or ‘wet’ conditions; these were: (1) open slope dry rock and debris
avalanches (OSD), (2) open slope wet debris avalanches (OSW) and (3) channelised wet
debris flows (CHW). Further information about the data and choice of empirical debris
inundation relationships can be found in the Phase 1 report. In Phase 2, we assume that OSD
rock and debris avalanches are those triggered by earthquakes and that OSW debris
avalanches and CHW debris flows are those triggered by rainfall. The debris inundation
Fahrböschung angles for both the 50th% and 97.7th % are shown in Table 3.5 for OSD,
Table 3.6 for OSW and t Table 3.7 for CHW.
Example runout POE extents for a given watershed are shown in Figure 3.4 for EIL and
Figure 3.5 for RIL. Note that, for OSW, only Fahrböschung angles up to a volume class of
100,000 m3 are used, and, for CHW, only Fahrböschung angles for volume classes between
1,000 to 1M m3 are used, as per the Phase 1 work.

Summary of Fahrböschung and ΔH/L values for each volume class of open slope dry debris and rock
avalanches used in this project. See Phase 1 report for graphical representation of data considered.

Table 3.5

Volume
(m3)

50% Runout
Probability of Exceedance

2.3% Runout
Probability of Exceedance

Fahrböschung (°)

ΔH/L

Fahrböschung (°)

ΔH/L

100

43

0.93

33

0.65

1000

41

0.87

31

0.60

10,000

38

0.78

29

0.55

100,000

30

0.58

16

0.29

1,000,000

23

0.42

12

0.21

10,000,000

18

0.32

9

0.15

Summary of Fahrböschung and ΔH/L values for each volume class of open slope wet debris
avalanches used in this project. See Phase 1 report for graphical representation of data considered.

Table 3.6

Volume
(m3)

50% Runout
Probability of Exceedance

2.3% Runout
Probability of Exceedance

Fahrböschung (°)

ΔH/L

Fahrböschung (°)

ΔH/L

100

32

0.62

22

0.40

1000

28

0.52

19

0.34

10,000

24

0.45

16

0.29

100,000

21

0.38

14

0.24
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Summary of Fahrböschung and ΔH/L values for each volume class of channelised wet debris floods
and flows used in this project. See Phase 1 report for graphical representation of data considered.

Table 3.7

Volume
(m3)

2.3% Runout
Probability of Exceedance

Fahrböschung (°)

ΔH/L

Fahrböschung (°)

ΔH/L

100

33

0.65

18

0.32

1000

26

0.49

14

0.25

10,000

21

0.38

11

0.20

100,000

17

0.31

9

0.15

1,000,000

13

0.23

7

0.12

Figure 3.4
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50% Runout
Probability of Exceedance

Earthquake-induced landslide runout probability of exceedance (50 and 2.3%) Fahrböschung extents
for given volume classes of open slope dry rock and debris avalanches for an example watershed
(Watershed 12).
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Rainfall-induced landslide runout probability of exceedance (50 and 2.3%) Fahrböschung extents for
given volume classes of open slope wet debris avalanches and channelised wet debris flows and
floods for an example watershed (Watershed 12). The difference in shape of the extents of the OSW
and CHW are due to modelling methods – see Phase 1 report for more information.
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To represent the maximum inundation extent of CHW debris flows, the mapped extents
of the debris fans were used instead of the Fahrböschung angles representing the 2.3%
POE. This was done because these types of landslide may not have obvious source areas
from which Fahrböschung angles can be projected, as such landslides can develop from
the coalescing of debris from multiple landslides and/or by eroding and entraining debris
from along their travel paths.
The following steps were taken to estimate the probability of a landslide of a given volume
inundating (hitting) a given location:
•

Step 1: For OSD and OSW, the probability of inundation (PIN) was calculated using the
Fahrböschung extents for the different volume classes from Phase 1, adopting either the
50% or 2.3% runout POE Fahrböschung angles, to create PIN grids for each volume
class (PIN:VOLx:50% or 2.3%).

•

Step 2: Each grid was then clipped to each watershed to create a set of PIN grids
representing those source regions, of a given volume class, within each watershed.

•

Step 3: The PIN:1(VOLx) within a source region from one landslide in each volume class, if
it were to occur, was then calculated using the clipped grids from Step 2 using:
𝑃𝐼𝑁:1(𝑉𝑂𝐿𝑥) =

𝐴𝑉𝑂𝐿:𝑥

Equation 3.6

𝐴𝑉𝑂𝐿:100

where AVOL:x is the area (m2) of the source of the given landslide volume class (x) from
Table 3.2 and AVOL:100 is the total area of the source region of the smallest landslide
volume class (the 100 m3 class) within the given watershed. The source region of the
smallest landslide volume class was assumed to represent the potential source location
of all landslides (all landslide volume classes) within the given watershed.
•

Step 4: The probability of being inundated (hit) by a number of landslides (PIN:N) within a
source region, if the representative event band were to occur, was then calculated using:
𝑃𝐼𝑁:𝑁(𝑉𝑂𝐿𝑥) = 1 − (1 − 𝑃𝐼𝑁:1(𝑉𝑂𝐿𝑥) )𝑁

Equation 3.7

where PIN:1(VOLx) is from Step 3 and N is the number of landslides of the given volume
class generated in each event band, calculated from Equation 3.4 for the earthquake
bands and from Equation 3.5 for the 24-hour rainfall bands.
•

Step 5: Steps 3 and 4 were then repeated for each of the runout POE Fahrböschung
extents related to each landslide volume class, where, in Equation 3.6, AVOL:100 was
increased to account for the additional area of the potential inundation area within:

•

˗

the 50% runout POE Fahrböschung extent – representing the area between the
downslope extent of the source region and the extent of the 50% runout POE
Fahrböschung region; and

˗

the 2.3% runout POE Fahrböschung extent – representing the area between the
downslope extent of the source region and the extent of the 2.3% runout POE
Fahrböschung region.

Step 6: If triggered, the probability of debris from a landslide reaching anywhere within
the source region was assumed to be 100%. In the 50% and 2.3% POE Fahrböschung
regions, the probability of debris reaching anywhere within them was assumed to be 50%
or 2.3%, respectively. To take this into account:
˗

20

In the source region, for the Mean and Upper risk scenarios, the PIN:N(VOLx) (from
Step 4) was assumed to be = 100% (PIN:N(VOLx:100%)).
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˗

In the 50% POE Fahrböschung region, for the Mean risk scenario, the PIN:N(VOLx)
(Step 5) was multiplied by 50% (PIN:N(VOLx:50%)), and, for the Upper scenario, the
PIN:N(VOLx) was multiplied by 84% (0.84) (PIN:N(VOLx:84%)) and applied to the 50% POE
Fahrböschung region only.

˗

In the 2% Fahrböschung region, the same approach was adopted, where, for the
Mean scenario, the PIN:N(VOLx) was multiplied by 2.3% (0.023) (PIN:N(VOLx:2.3%)) and,
for the Upper scenario, the PIN:N(VOLx) was multiplied by 16% (0.16) (PIN:N(VOLx:16%))
and applied to the 2.3% POE Fahrböschung region only.

Note: the rationale for using 2.3, 16, 50 and 84% values for the probability of inundation
was because of the statistical limits of the POE Fahrböschung distributions between the
mean + 1 or 2 standard deviation (assuming a normal distribution).
•

Step 7: For the CHW debris flows and floods, the debris fans mapped in Phase 1 were
used.
Where
necessary,
the
fan
extents
were
modified
by extending them upstream into the watersheds, stopping them when the channels
became narrow and where little or no debris was apparent in the channels. For those
fans classified in Phase 1 as predominantly debris floods and debris flows (Melton ratios
typically ≥ 0.3), the following was applied:

3.6

˗

50% runout POE Fahrböschung extent – representing the area between the
downslope extent of the source region and the extent of the 50% runout POE
Fahrböschung extent but confined to the maximum extent of the fan. For the Mean
scenario, the PIN:N(VOLx) was assumed to be 50% (PIN:N(VOLx:50%)) from Step 6, and,
for the Upper scenario, the PIN:N(VOLx) was assumed to be 84% (PIN:N(VOLx:84%)).

˗

2.3% runout POE Fahrböschung region – representing the area between the
downslope extent of the 50% runout POE Fahrböschung extent and the remaining
mapped extent of the fan. For the Mean scenario, the PIN:N(VOLx) was assumed to
be 2.3% (PIN:N(VOLx:2.3%)) and, for the Upper scenario, the PIN:N(VOLx) was assumed to
be 16% (PIN:N(VOLx:16%)).

˗

For those fans classified as being predominantly fluvial in Phase 1 (Melton ratios
<0.3), and/or fans without any modelled debris flow extents for different volume
classes, it was assumed that debris flows may still occur, but, if they do, they are
more likely to be debris floods and the debris hyper-concentrated, given the
lack of geomorphic features associated with past debris flows being observed
on them. For these fans, PIN was assumed to be 2.3% and 16% for the Mean and
Upper Scenarios, respectively, due to the longer runout tendency. These regions
were defined as being the area between the downslope extent of the source region
and the mapped extent of the fan.

Vulnerability (V(D:T) ): Probability of Being Killed if Present and in the
Path of Landslide Debris

The bio-physical vulnerability (V(D:T) ) is the probability of a person being killed, if present and
in the path of a landslide, considering both: (a) the likelihood of being killed if struck/buried
and (b) the possibility of being able to take evasive action and avoid being struck/buried.
Bio-physical vulnerability depends on the landslide intensity, the characteristics of the
elements at risk and the impact of the landslide (Du et al. 2013). Vulnerability ranges between
0 and 1 and, for fatality risk, combines the likelihood of an injury sustained by the individual (if
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struck) being fatal (1) and the possibility of getting out of the way to avoid being struck (Massey
et al. 2019).
For bio-physical vulnerability, there is very little information published in the literature on how
people die when they are in buildings hit by landslide debris. The available literature (e.g.
Massey et al. 2019; Pollock and Wartman 2020) indicates that, for a person to be impacted by
a landslide, they must firstly be present in the building; the debris needs to enter the building
or cause the building to collapse on them, but, if the person is cognitively aware of the hazard,
then they have a chance to avoid being hit.
The ability of a person to take evasive action depends mainly on the intensity of the landslide.
Landslide intensity is a function of the volume or height of debris passing through a given
location and its velocity. For this study, people are assumed to be inside their dwellings;
therefore, the dwelling will offer them some protection from being struck/buried by debris.
However, conversely, by being inside, a person may not be aware that a landslide may
have occurred and thus be unable to take evasive action if the debris enters the dwelling.
In this study, we adopt variable bio-physical vulnerability values linked to landslide intensity;
in this case, the volume class of the landslide and the probability of inundation. To derive these
values, the relationship between debris height and probability of death presented by Pollock
and Wartman (2020) was adopted. The debris heights and associated vulnerabilities were then
linked to the landslide volume class by inferring debris heights for different volume classes at
different locations; in this case whether a dwelling is located in the source region (PIN:N(VOLx:100%)
from Step 6 in Section 3.5) or within the 50% or 2.3% POE Fahrböschung extents. The linkages
between debris height, bio-physical vulnerability, landslide volume class and the POE extents
are summarised in Tables 3.8 and 3.9.
Following discussions with CRC, risk models adopting vulnerability factors of 1.0 for all
landslide volume classes and POE Fahrböschung regions were also calculated. Where a
constant vulnerability value of 100% was applied in the risk models, the metric calculated is
the annual frequency of a grid cell being hit by landslide debris, or the probability of impact,
not risk.
Table 3.8
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Landslide intensity (debris height) and the adopted bio-physical vulnerability values used in the study.

Debris Height
(m3)

Bio-Physical
Vulnerability (%)

<1

0.1

1

0.3

2

0.5

3

0.6

5

0.8

>5

1.0

Description
Debris unlikely to enter the dwelling.
Debris unlikely to enter the dwelling but could enter through
structural weak points, such as windows and doors.
Debris can enter via structural weak points and may even
demolish the dwelling.
Debris can enter; dwelling might be demolished.
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Landslide volume classes and runout exceedance with their assumed bio-physical vulnerability
values used in the study.

Representative
Landslide
Volume (x)
(m3)

Vulnerability
Source
(PIN:N(VOLx:100%)

PIN:N(VOLx:50%)

PIN:N(VOLx:2.3%)

Description
The debris is unlikely to enter the

100

0.5

0.3

0.1

dwelling and is limited in impact area,
so a person could take evasive action.
Debris could enter dwellings through

1000

0.8

0.5

0.1

structural weak points but is limited in
extent, so a person could still take
evasive action.

10,000

1

0.8

0.3

Debris is high enough to enter the
dwelling and possibly even demolish it.
The debris starts to cover a large enough

100,000

1

1

0.5

area to make it difficult for a person to
take evasive action.

1,000,000

1

1

1

Given the large volume of debris and its
extent, it could demolish a dwelling; it is

10,000,000

1

1

1

unlikely that a person could take evasive
action.

3.7

Local Personal Risk

The LPR is calculated by assuming that a person is present in every grid cell 100% of the time
and is calculated for each grid cell using the following steps:
For EIL:
•

Step 1: Calculate the probability of death (PDEATH) for landslides in each volume class
and within each earthquake band at a given runout POE. The PDEATH for a given landslide
volume within a given earthquake band is then multiplied by the corresponding assumed
vulnerability (V) value for that volume class of landslide and at the given probability of
inundation location (Table 3.9), assuming a person is present. For example, for a 100 m3
landslide triggered under earthquake band 1, the probability of death for a person located
within the source region would be calculated as:
𝑃𝐷𝐸𝐴𝑇𝐻:𝐸𝐼𝐿1:𝑉𝑂𝐿100:𝑃𝑂𝐸100 = 𝑃𝐼𝑁:𝑁(𝑉𝑂𝐿100:100%) × 𝑉(𝐷:𝑇)

•

Equation 3.8

Step 2: PDEATH is attached in ArcGIS to the relevant polygons, e.g. the source region and
50% and 2.3% POE extents, to produce grids of PDEATH:EILx:VOLx:POEx. The polygons were
turned a single probability of death grid for each volume class and each earthquake band
(PDEATH:EILx:VOLx). A total of 24 PDEATH:EILx:VOLx grids were produced for earthquake triggers,
i.e. four earthquake bands and six landslide volume classes.
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•

Step 3: To account for the possibility that multiple landslides of different volumes could
be triggered at the same time, if the representative earthquake in a given band were to
occur, the probability of death is calculated using de Morgan’s rule (Equation 3.3) where:
𝑃𝐷𝐸𝐴𝑇𝐻:𝐴𝐿𝐿_𝐸𝐼𝐿𝑥 = 1 − (1 − 𝑃𝐷𝐸𝐴𝑇𝐻: 𝑉𝑂𝐿_100 ) × (1 − 𝑃𝐷𝐸𝐴𝑇𝐻: 𝑉𝑂𝐿_1,000 ) × (1 − 𝑃𝐷𝐸𝐴𝑇𝐻: 𝑉𝑂𝐿_𝑛.. )

Equation 3.9

PDEATH:ALL_EILx is calculated in ArcGIS for each earthquake band by sampling the 6
PDEATH:VOLx:EILx: grids (created in Step 2) that may intersect a given grid cell.. This is done
for each earthquake band to create four PDEATH:ALL:EIL1–4 summary grids.
•

Step 4: PDEATH:ALL_EIL1 is then multiplied by the annual frequency (Af) of the representative
earthquake PGA for the given band (Table 3.1) to calculate the LPR at each grid cell for
each band:
𝐿𝑃𝑅𝐸𝐼𝐿 𝑥 = 𝑃𝐷𝐸𝐴𝑇𝐻: 𝐴𝐿𝐿_𝐸𝐼𝐿 𝑥 × 𝐴𝑓𝐸𝐼𝐿 𝑥

•

Equation 3.10

Step 5: The LPREIL x values for each of the four earthquake bands are then added
together for each grid cell to create a grid of LPREIL:Total.

These steps (1 to 5) are followed for the Mean and Upper risk scenarios separately to produce
grids of LPR that represent each scenario.
For RIL:
The LPR is calculated in a similar way as for EIL; it is calculated for each grid cell using the
following steps
•

Step 1: Calculate the probability of death (PDEATH) for landslides in each volume class
and within each 24-hour rainfall band at a given runout POE.

•

Step 2: PDEATH is calculated for each 24-hour rainfall band, landslide volume class and
location and then attached in ArcGIS to the relevant polygon, e.g. the source region and
50% and 2.3% POE extents, to produce grids of PDEATH:RILx:VOLx:POEx. The polygons were
turned into a single probability of death grid for each volume class and each 24-rainfall
band, separately for the open slope wet (OSW) and the channelised (CHW) runout
extents A total of 12 PDEATH grids were produced for rainfall triggers in each group, i.e.
three 24-hour rainfall bands for OSW (volumes 100 – 100,000 m3) and three bands,
and four landslide volume classes for CHW (volumes 1,000 – 1M m3. The maximum of
the two probability of death grids (OSW and CHW) was chosen as a representative
PDEATH value for each of five volume classes (100 – 1M m3) and for each of three rainfall
bands. This resulted in 15 PDEATH:VOLx:RILx grids that were taken into the next step

•

Step 3: PDEATH:ALL_RILx is calculated in ArcGIS for each 24-hour rainfall band by sampling
the 5 PDEATH:VOLx:RILx grids, created in Step 2, that may intersect a given grid cell. This is
done for each 24-hour rainfall band to create three PDEATH:ALL:RIL1–3 summary grids.

•

Step 4: PDEATH:ALL_RILx is then multiplied by the annual frequency (Af) of the representative
24-hour rainfall amount for the given band (Table 3.3) to calculate the LPR at each grid
cell for each band.

•

Step 5: The LPRRI x values for each of the three 24-hour rainfall bands are then added
together for each grid cell to create a grid of LPRRIL:Total.

These steps (1 to 5) are followed for the Mean and Upper risk scenarios separately to produce
grids of LPR that represent each scenario. The final step is to sum the LPREIL:Total and
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LPRRIL:Total to produce a grid of LPR Total for each scenario. Information on calculating AIFR from
LPR is provided in Section 4.2.
3.7.1

Risk model scenarios

Using the methodology discussed in the previous sections, GNS Science ran multiple risk
models adopting different estimates of the values for the variables used in the model, these
are described in Table 3.10. The preliminary results from risk model scenarios 2 and 5 (Table
3.10) were used as the basis of discussions with KDC and CRC at a workshop held in Kaikoura
on the 29th September and discussion with Prof. Davies (external reviewer) on 11th October
2021. Following these discussions, further risk model scenarios were developed, assuming
different rainfall models and a fixed vulnerability value.
For rainfall, KDC and CRC requested that risk model scenarios should be run using revised
annual frequencies of the given 24-hour rainfall amounts to consider climate change
projections. These projections were based on the HIRDS estimates, assuming RCP8.5 and a
2.58°C temperature increase over the next 80 years.
For vulnerability, KDC and CRC requested that the risk model scenarios should be run using
a fixed vulnerability value of 1.0 (100%). This assumes that if a grid cell is hit by debris, any
person present is either killed or sustains a life-threatening injury. However, this is not likely to
occur given bio-physical vulnerability varies with landslide intensity e.g., Table 3.9. Therefore,
by assuming a vulnerability of 1.0, and a probability of a person being present of 1.0 (100%),
the risk model can be used to calculate the annual frequency of a gird cell (building and or
person) being hit by a landslide. This represents the annual frequency, or a person being
affected e.g. as a result of a building and/or land and themselves (biophysical) being impacted
by landslides.
Table 3.10: Risk model scenarios.
Scenario
1

MEAN

RIL

EIL

Debris

Person

runout

present
67% (0.67)

Mean landslide

Mean

Mean

probability estimates

landslide

estimates

and historical 24-hour

probability

rainfall annual

estimates

Vulnerability
Variable as
per Table 3.9

frequencies
2

MEAN

Mean landslide

Mean

Mean

probability estimates

landslide

estimates

and historical 24-hour

probability

rainfall annual

estimates

100% (1.0)

Variable as
per Table 3.9

frequencies
3

MEAN

Mean landslide

Mean

Mean

probability estimates,

landslide

estimates

with RCP 8.5 Climate

probability

Change (CC) annual

estimates

100% (1.0)

Variable as
per Table 3.9

frequencies
4

MEAN

Mean landslide

Mean

Mean

probability estimates,

landslide

estimates

with RCP 8.5 Climate

probability

Change (CC) annual

estimates

100% (1.0)

100% (1.0)

frequencies
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5

UPPER

84th% landslide

84th%

84th% POE

probability estimates

landslide

Fahrböschung

with historical 24-hour

probability

rainfall annual

estimates

100% (1.0)

Variable as
per Table 3.9

frequencies
6

UPPER

84th% landslide

84th%

84th% POE

probability estimates

landslide

Fahrböschung

with historical 24-hour

probability

rainfall annual

estimates

100% (1.0)

100% (1.0)

100% (1.0)

Variable as

frequencies
7

UPPER

84th% landslide

84th%

84th% POE

probability estimates

landslide

Fahrböschung

with RCP 8.5 Climate

probability

Change (CC) annual

estimates

per Table 3.9

frequencies
8

UPPER

84th% landslide

84th%

84th% POE

probability estimates

landslide

Fahrböschung

with RCP 8.5 Climate

probability

Change (CC) annual

estimates

100% (1.0)

100% (1.0)

100% (1.0)

100% (1.0)

frequencies
9

UPPER

84th% landslide

84th%

Adopting

probability estimates

landslide

OSW (wet)

with RCP 8.5 Climate

probability

POE

Change (CC) annual

estimates

Fahrböschung

frequencies

extents for
EIL

26

GNS Science Consultancy Report
2021/89

DRAFT
4.0

Confidential 2021

RISK ANALYSIS RESULTS

The results from the modelling of risk scenarios 1 to 9 (Table 3.10) are shown in Figure 4.1 for
the mean scenarios and Figure 4.2 for the upper scenarios. The risk metrics calculated in this
study are generally very small numbers, with large uncertainties. This report makes extensive
use of the scientific number format of expressing risk in terms of powers of 10. For example,
the number 10-4 (10 to the power of minus 4) is the fraction 1/10,000 and the decimal number
0.0001; it may also be expressed as 0.01%. The units of risk are a dimensionless probability
of a given outcome (e.g. death) per unit of activity or time.
Figure 4.1 and Figure 4.2 show the impact on the risk estimates based on the different values
selected for the variables used in the model. Risk scenario 1 (Table 3.10, Figure 4.1a) is the
least conservative – or most optimistic – based on the values adopted for the variables in the
risk model. Conversely, risk scenario 9 (Table 3.10, Figure 4.2e) is the most pessimistic, or
conservative, as it adopts the RCP 8.5 climate change 24-hour rainfall annual frequencies, the
upper (84th%) statistical relationships for landslide production rates and debris runout POE
Fahrböschung extents, as well as fixed values of 1.0 for the probability of a person being
present and vulnerability.

4.1

LPR versus AIFR

The results in Figure 4.1b-d and Figure 4.2a-e, are presented in terms of LPR (risk model
scenarios 2-9 in Table 3.10). The results from risk model scenario 1 (Figure 4.2a, Table 3.10)
are presented as AIFR, as the probability of person being present 67% of the time was
assumed – based on previous work carried out in the Port Hulls of Christchurch (Massey et
al., 2021; Taig et al., 2015). The AIFR can be calculated from the LPR by estimating the
probability of a person being present. This is the probability that an individual is present on the
portion of the slope/ground when landslide debris moves through it. It is a function of the
proportion of time spent by a person at a particular location each day and can range from 0%
if the person is not present to 100% if the person is present all of the time.
For planning and regulatory purposes, it is established practice to consider individual risk to a
‘critical group’ of more highly exposed-to-risk people (Taig et al. 2012). For example, there are
clearly identifiable groups of people (with significant numbers in the groups) who do spend
most of their time in their homes – the very old, the very young, the disabled and the sick.
For risk model scenarios 2-9 (Table 3.10), the LPR represents a person present 100% of the
time in every grid cell and therefore does represent the AIFR if a person were to be present in
a dwelling for 100% of the time, thus representing the most exposed person. However, in most
situations, people do not spend 100% of their time in one location and given that Kaikoura has
many holiday homes that are not lived in all year round, the amount of time an ‘average’ person
spends at home could be considerably lower.
Other values have been adopted for people at home in dwellings, with values ranging from
58% (for a person spending 14 hours a day at home) to 83% (for a person spending 20 hours
a day at home), (cf. Corominas et al. 2005). In the Port Hills of Christchurch, GNS Science
(Massey et al. 2012) assumed that an average person spends on average 16 hours a day at
home (16/24 = 0.67 or 67%), 365 days of the year. However, the most exposed person is still
likely to be present for 100% of their time,
The LPR’s calculated in this report assume a person is present 100% of the time, therefore
these LPR values are equivalent to AIFR if a person is present 100% of the time, i.e. the person
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most exposed. To calculate the AIFR from landslide hazards to a person in a dwelling, the
estimated LPR for a given dwelling can be multiplied by the proportion of time that the person
may spend in the dwelling per year. For example, if a person only spends 50% of their time a
day (and per year) in the dwelling, then the AIFR would be 50% lower than the estimate LPR
for the given dwelling (AIFR = LPR × 0.5).
In this report, we have calculated the AIFR assuming a person is present 67% of the time, to
demonstrate how the risk can change when different values are adopted. The impact of such
changes in the risk model are shown in Figure 4.1a and b. Figure 4.1a shows risk scenario 1
results, which assume a person is present 67% of the time, while Figure 4.1b, shows risk
scenario 2 results, which assume a person is present 100% of the time. All other values used
for the other variables in both risk model scenarios are the same. The impact of such changes
means that for example, the number of buildings that fall within the 10-4 to 10-3 risk class,
increases from risk model scenario 1 to 2, as the boundary between the different risk changes
on the ground. Given this uncertainty, we recommend that for this district scale analyses, the
LPR risk metrics should be adopted based on the most exposed person who spends 100% of
their time at home.

Figure 4.1

28

Risk model results for mean scenarios 1 (map a) to 4 (map d) adopting different values for the
variables used in the risk model, which are listed in Table 3.10. The figure shows the impact on the
risk estimates based on the different values selected for the variables used in the model. Risk
scenario 1 a) is the least conservative and risk scenario 4 (map d) is the most.
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Risk model results for upper scenarios 5 (map a) to 9 (map e) adopting different values for the
variables used in the risk model, which are listed in Table 3.10. The figure shows the impact on the
risk estimates based on the different values selected for the variables used in the model. Risk
scenario 5 (map a) is the least conservative and risk scenario 9 (map f) is the most.
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4.2

General Results for the Study Area

Maps showing the LPR adopting Scenario 2 (Table 3.10), are shown for the entire study area
in Appendix 3. They are based on ‘mean’ (50th%) estimates of landslide production rates and
debris runout and adopt historical 24-hour rainfall annual frequencies, and variable
vulnerability values. They are slightly conservative as they assume a person is present 100%
of the time. The probability of person being present is uncertain and is hard to quantify as there
is no information for the Kaikoura district to help determine what the ‘mean’ value might be.
Therefore, in our opinion risk model scenario 2 provides the ‘best’ estimate of the LPR to those
people in the study area who are currently exposed to landslide hazards. These LPR values
are equivalent to the AIFR, assuming a person is present 100% of the time.
The risk model results show that:
1.

The LPR varies as a function of the proximity of, for example, a dwelling or person to the
steeper slopes and where they are on a debris flow fan.

2.

The main contributor to the LPR is from RIL, although the EIL probabilities are higher
than the RIL ones for the same annual frequency of triggering event (e.g. Figure 4.3).
There is a factor of increase of about eight between the EIL and RIL risk model results,
indicating that the LPR risk is almost one order of magnitude (a factor of 10) higher
for RIL than EIL. This is because:
˗

landslide-triggering rainfall events occur more frequently than strong earthquakes;
and

˗

the LPR from EIL tends to decrease rapidly with increased distance from the
toe of the steeper slopes, relative to the LPR from RIL. This is because the debris
from RIL is wet and tends to travel further than the typically dryer debris associated
with EIL.

3.

The LPR extends furthest downslope from the steeper slopes in areas where there are
mapped debris fans.

4.

The LPR from RIL tends to be slightly higher in the north of the study area. This reflects:

5.

30

˗

the slightly higher 24-hour rainfall amounts estimated for the given rainfall bands
from HIRDS; and

˗

the more susceptible nature of the geological materials, mainly soils, sandstones,
siltstones and limestones, compared to the stronger greywacke sandstones that
form most of the slopes in the central and southern parts of the study area.

The LPR from EIL is highest along the steeper coastal sections of the study area,
especially along State Highway 1 to the north and south of Kaikōura and in the Mt Fyffe
and Clarence River areas.
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Local personal risk maps for earthquake- and rainfall-induced landslides and all landslides for one
watershed.
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5.0

DISCUSSION

5.1

Consistency with Actual Experience

To the authors’ knowledge, there were no deaths in the study area from landslides triggered
by the 2016 Kaikōura earthquake. The GNS Science landslide fatality database documents
no deaths for the region since the 1880s; however, there is a gap in the data between 1950
and 1961.
About five dwellings are known to have been impacted by landslide debris triggered by the
2016 Kaikōura earthquake. Using the risk model for Band 4, which best represents the PGAs
associated with the 2016 Kaikōura earthquake (Kaiser et al. 2018), the modelled ‘forecast’
number of house hits and deaths can be compared to the observed number of house hits
and deaths. Observed house hits are defined as the number of dwellings hit by debris from
landslides triggered by the 2016 Kaikōura earthquake, using Version 2.0 of the landslide
inventory (Massey et al. 2020c). The national LINZ building footprint database was used to
represent the building locations. Not all buildings are represented in this database, as those
constructed after 2019 are not included. It should be noted that these footprints also include
structures such as garages, barns, sheds and commercial buildings, as well as dwellings,
and there are many buildings within individual land parcels. Therefore, only the largest single
building was sampled from each land parcel, and these were assumed to be dwellings.
However, it is noted that, in rural areas like this, such large buildings may be farm sheds or
barns, and so there is a large uncertainty about whether those buildings selected are dwellings
and the occupancy rates within a dwelling (i.e. the number of people in a dwelling and their
probability of being present).
The modelled building hits and probabilities of death were calculated using Equations 3.7 and
3.9. The expected numbers of buildings hit from landslides triggered in Band 4 was estimated
by using Equation 3.9 to calculate the probability of each assumed dwelling being hit
within the risk model footprints. These were then summed to estimate the number of dwellings
forecast to have been hit by debris, which were then compared to the observed number of
dwellings hit. Equation 3.9 was also used (adopting variable vulnerability values given in
Table 3.9) to estimate the probability of death of a person within each dwelling within
the risk model footprints and multiplying this by the probability of a person being present in the
dwelling (assuming day-time occupancy) and the mean and upper estimates of the number
of people who live in a dwelling (1 and 2.7 people per dwelling, based on Taig et al. 2015).
The EIL risk model forecasts (Scenario 2, Table 3.9), adopting Band 4, indicate between 1 and
10 dwelling hits and zero deaths from landslides, which compares to the five known dwelling
hits and zero recorded deaths from EIL triggered by the 2016 Kaikōura earthquake.
The RIL risk model forecasts (Scenario 2), between 1 death every 60 years assuming an
occupancy of one person being present in each dwelling within the landslide risk model extent,
and one death every 30 years if two people are assumed to be present. If the climate change
scenario is adopted (Scenario 3), the model forecasts one death between every 15 to 30 years,
assuming an occupancy of either two or one person, respectively.
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Sensitivity to Key Uncertainties

In this section, the sensitivity of the risk model to key uncertainties and the reliability of the
assessments are identified.
The sensitivity of the estimated risk has been assessed to changes in the following values for
the variables used in the risk model:
•

The number of landslides triggered by both earthquake and 24-hour rainfall triggers.
˗

For EIL and RIL, the mean and upper estimates of landslide susceptibility within
each watershed were used to account for any uncertainty in the relationship
between PGA and 24-hour rainfall and the landslide probability and the number of
grid cells forecast to be landslides, and therefore the number of landslides
generated. This was done adopting the mean and 84% (upper) statistical landslide
susceptibility model coefficients for the variables used.

˗

The relationship between landslide source volume and area, which effects the
number of landslides that can occur in a watershed. The statistical relationship
from Massey et al. (2020c) was varied, adopting the mean (50%) and upper (84%)
estimates of the landslide source volume (m3) to area (m2) statistical fits based on
Version 2.0 of the Kaikōura EIL inventory.

•

The impact of climate change on increasing the 24-hour rainfall amount forecast to occur
at the given annual frequencies. The risk model was run adopting rainfall forecasts based
on RCP8.5 and a 2.58°C temperature increase over the next 80 years and their results
compared with the model adopting the rainfall amounts for the same annual frequencies
but based on historical data.

•

The probability of landslide debris passing a given distance down the slope (runout POE
per Fahrböschung). For EIL (OSD) and RIL (OSW and CHW), the probability of landslide
debris reaching/passing a grid cell was varied using the statistical relationship between
landslide volume and runout POE for each Fahrböschung, adopting 50% and 2.3% for
the Mean scenario and 84% and 16% for the upper scenario (from Phase 1).

•

The impact of an earthquake occurring after a major rainstorm. The upper EIL production
rates capture the likely increase in EIL frequency that may occur in such a scenario.
However, if this scenario were to occur then the EIL debris may travel further down slope
as it would be wetter. This was evaluated by adopting the OSW runout POE per
Fahrböschung values for EIL rather than the OSD values.

•

The vulnerability of a person present being hit and killed was assumed to be 1,
irrespective of landslide volume and runout POE for each Fahrböschung region.

Potentially significant uncertainties are noted, with their likely implications for risk summarised,
in
The increase in landslide volume ‘bulking’ caused by a landslide entraining material from along
its flow path, has not been included specifically in this analysis. Such landslides might initiate
as relatively small volume ones (e.g. 100 m3) but could increase their volume by several orders
of magnitude (e.g., 10,000 m3) as they entrain more material. Modelling such landslides at the
district scale is not possible. However, such landslides are indirectly accounted for as multiple
volume classes of landslide are modelled, and such landslides tend to be initiated by rainfall
and therefore deposit on fans. The mapped extent of the fans in the study area have been
used in this risk analysis
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Table 5.1. These uncertainties are expressed as factors of difference. A factor of difference of
10 represents an order of magnitude change in the risk estimates e.g. the risk changes from 1
x 10-5 to 1 x 10-4. These uncertainties combine to give a total factor of difference of between 8
and 10, which is up to an order of magnitude uncertainty on the risk estimates in either
direction. This means that a location with an AIFR of 10-4 (1 chance in 10,000 of being killed
per year) could feasibly have an AIFR as low as 10-5 (1 in 100,000 chance of being killed per
year) if all the optimistic (nonconservative) values of the variables used in the risk model were
adopted. Conversely the AIFR at the same location may be as high as 10-3 (1 in 1,000 chance
of being killed per year) if all the pessimistic (conservative) values for the variables in the risk
model were assumed. This difference is between the risk estimates that adopt all the ‘mean’
(scenario 1) values, versus those that adopt all the upper (scenario 9) values, for the variables
used in the risk model.
The input variables of climate-change 24-hour rainfall amount and the landslide debris runout
POE for each Fahrböschung are considered to be the two most significant uncertainties in this
assessment, with each input variable having a factor of difference of 2 to 3 (see Table 5.1).
These differences are shown in map form in Figure 4.1 and Figure 4.2, for the different risk
model scenarios listed in Table 3.10
The risks presented in this report do not include any consideration of the potential reduction or
increase in risk caused by site-specific factors that may mitigate/promote the effects of
landslides impacting a location. This is a potentially significant uncertainty within the risk
analyses. At the district-scale, such impacts are unquantifiable as they relate to site-specific
factors. An example process that may be used by engineering consultants to identify such
factors (at the site-specific scale) and assess their impact on the district-scale risk results, has
been summarised in Appendix 5.
The increase in landslide volume ‘bulking’ caused by a landslide entraining material from along
its flow path, has not been included specifically in this analysis. Such landslides might initiate
as relatively small volume ones (e.g. 100 m3) but could increase their volume by several orders
of magnitude (e.g., 10,000 m3) as they entrain more material. Modelling such landslides at the
district scale is not possible. However, such landslides are indirectly accounted for as multiple
volume classes of landslide are modelled, and such landslides tend to be initiated by rainfall
and therefore deposit on fans. The mapped extent of the fans in the study area have been
used in this risk analysis
Table 5.1

Uncertainties and their implications for risk.

Issue

Direction and Scale of
Uncertainty

Implications for Risk

a. Under-prediction of annual

Increasing. However, the

Risk due to earthquakes could be

frequency for a given PGA by

contribution to risk from RIL is

slightly under-estimated. The risk

the NSHM.

higher than EIL.

models should be re-run using the
updated NSHM once available

b. Under-prediction of the rainfall

34

Increasing. There is a significant

A mean factor of about 2–3

amount (24-hour rainfall)

difference between the historical

increase between models adopting

occurring at a given annual

and future rain forecasts for the

the historical rainfall amounts

frequency by HIRDS as a

same annual frequencies as a

(Scenarios 2 and 5) and those

result of climate change.

result of climate change. The

models adopting the climate-

rainfall amounts occurring at the

change forecast rainfall amounts

given annual frequencies adopted

(Scenarios 3 and 7).
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Direction and Scale of
Uncertainty

Implications for Risk

in this study are forecast to
increase by 22% by the end of the
century, adopting RCP8.5 and a
2.58°C temperature increase over
the next 80 years (HIRDS V4).
c. EIL susceptibility and the

The data is well constrained for

A mean factor of about 1.2

numbers of landslides

EIL, as the risk model used region-

between the Mean (Scenario 2)

produced in each earthquake

specific data. The slopes are also

and Upper scenario (Scenario 5).

band.

now damaged as a result of the
strong ground shaking caused by
the 2016 Kaikōura earthquake.
This means that many slopes
might be more susceptible to
landslides than they were before
the 2016 earthquake. A future
strong earthquake, if it were to
occur in the region within the next
decade or two, might lead to an
increased number of landslides
(more than what occurred in the
2016 earthquake), given the
pre-conditioning. The largest
uncertainty in the EIL forecast
model is the level and geospatial
extent of shaking in a future
earthquake.
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Issue

Direction and Scale of
Uncertainty

Implications for Risk

d. RIL susceptibility and the

The data is well constrained for

A mean factor of about 1.5

numbers of landslides

RIL, as the risk model uses

between the Mean (Scenario 2)

produced in each 24-hour

region-specific data. However,

and Upper model scenarios

rainfall band.

pre-conditioning (cracking and past

(Scenario 5).

EIL) caused by the 2016 Kaikōura
earthquake may have increased
the susceptibility of the slopes to
future RIL for a period of time
(decade?) after the 2016
earthquake. This impact is
currently being investigated as part
of the EILD Endeavour
Programme.
e. The relationship between

The data is well constrained for

Difficult to quantify as little data is

landslide source volume and

EIL, however, for RIL the source

available for RIL source volume to

area, which effects the number

volume to area relationships do not

area relationships. However, it is

of landslides that can occur in

exist for the data sets used in this

unlikely to be significant as the risk

a watershed.

study (Cyclone Alison and Ex-

is mainly calculated adopting

tropical Cyclone Ita).

landslide source areas, which are

The statistical relationship

well constrained from mapping.

from Massey et al. (2020c) was
varied, adopting the 50% and
upper 84% estimates of the
landslide source volume (m3) to
area (m2) statistical fits based on
Version 2.0 of the Kaikōura EIL
inventory
f.

Runout probability of

A large uncertainty but linked to

A mean factor of about 2–3

exceedance for each

the total volume of material leaving

between Mean (Scenarios 2-4)

Fahrböschung.

the slope and the nature of the

and Upper scenarios (Scenarios 5-

material in which the landslide

8).

initiates.
The POE values were applied to
the whole area of the runout
polygon, rather than interpolating
the POE values between the
source area and runout extent.
This underestimates the probability
of spatial impact closer to the base
of a slope.
g. Adopting the OSW runout POE

The impact of an earthquake

A mean factor of 1.3 between risk

per Fahrböschung values for

occurring after a major rainstorm

model Scenarios 8 and 9.

EIL rather than the OSD

could mean that the debris from

values

EIL can travel further down slope
as it would be wetter.
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Direction and Scale of
Uncertainty

Issue

Implications for Risk

EIL models were run adopting
OSW runout POE Fahrböschung
values.
h. Vulnerability: Probability that a

Could make a significant difference

A mean factor of about 2.0

person is killed, if struck by

for the mid volume classes of

between models adopting variable

debris.

landslide (1,000 to 100,000 m3)

vulnerability values based on

based on the possibility that a

landslide volume and inferred

person may be aware of a

debris height (Scenarios 2, 3, 5

landslide and take evasive action,

and 7), and those assuming fixed

or by being upstairs, or located in

vulnerability values of 1 (Scenarios

the down slope part of their

4, 6 and 8).

dwelling and thus protected by the
dwelling.
However, the vulnerability values
will always be large for the larger
landslides, given the volumes of
debris involved, and it is unlikely
that people could outrun or ‘dodge’
such large volumes of debris,
hence the recorded injuries.

5.3

Comparison with Prehistorical Landslide Rates

To validate the number of landslide triggered during earthquake and rainfall events, some of
the larger pre-historic debris fans in the Kaikōura district were mapped and their volume
estimated to determine pre-historical landside rates, which are a proxy for the number of
landslides that could have occurred in the past.
It is important to validate this, as the risk model is sensitive to the number of landslides
triggered in future earthquake and rainfall events, especially as rainfall is expected to increase
as a result of climate change. The risk model results show that the LPR from RIL is higher than
EIL, therefore future climate change – and the forecast increasing rainfall amounts associated
with it – suggest that RIL are likely to become even more prevalent over the next 80 years.
The risk analysis in this study relies upon landslide data that represents a relatively short period
in time. However, given the presence of several large debris fans on the foothills below Mt
Fyffe, and the presence of multiple active faults – especially the Hope Fault that runs along the
toe of the range front, landslides have occurred prehistorically across most of the study area.
These debris fans could therefore provide an indication of the prehistorical landslide debris
accumulation rates, which could then be compared to the landslide production rates estimated
in this study from historical values (provided below).
To do this, a geomorphic map of the seaward side of the Mt Fyffe range was made by
interpreting the LiDAR Digital Elevation Model (DEM) in ArcMap and ArcPro. The geomorphic
units include various hillslope, mass movement, depositional and tectonic features, following
the GNS Science Urban Mapping schema (reference?)(Figures 5.1 and 5.2). Emphasis was
made on mapping the alluvial fans, with a view to calculating their volumes and estimating the
ages of the surface on which they are interpreted to have been deposited (Table 5.2).
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Figure 5.1

Polygons, showing the debris fans (blue outline) extending south from the Mt Fyffe range that were
used to estimate their volumes. Catchment areas are outlined in purple.

The debris accumulation rates were estimated for each of the mapped fans to allow
comparison with the modelled debris accumulation rates from the same watersheds, using the
estimated landslide production rates forecast by the landslide susceptibility models (RIL and
EIL combined. This was done by using Equation 3.5 to estimate the number of landslides of a
given volume class occurring in each earthquake and historical or climate change RCP 8.5 24hour rainfall band. These numbers of landslide of a given volume class were then multiplied
by their representative volumes and summed and multiplied by the annual frequency of the
given band (from Tables 3.1 and 3.3) to produce an annual landslide production rate per band.
These productions rates from all bands were then summed for the watersheds that could
contribute debris to a mapped fan, for those fans that could be clearly linked to watersheds
(Table 5.2). This allows the forecast landslide production rates to be compared to their
equivalent prehistorical debris accumulation rates. However, this assumes that landslide and
not fluvial processes dominated the prehistorical deposition of debris and that all of the forecast
landslide debris generated in each watershed reaches a fan. It is not possible to separate the
prehistorical debris accumulated by earthquake- or rainfall-triggered landslides.
However, given the listed (above) assumptions and uncertainties in both the forecast
susceptibility models and the way in which the fan volumes were estimated, the results (in
Table 5.2) show that the prehistorical debris accumulation rates are more closely aligned –
within the same order of magnitude – with the forecast landslide production rates adopting the
climate change RCP8.5 scenario. These results indicate a general similarity between the
prehistorical rates and the future rates adopting the climate change scenario, albeit with
considerable uncertainty given the methods used to estimate both.
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Difference models for the fans for which volumes were calculated. The volumes are calculated using
the difference between the fan surface and the projected surface beneath the fan. See Table 5.2 for
volume results (volumes given in m3).
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Table 5.2

Results of fan volume calculation.

Watershed Fan Area

Name

ID

Floodgate
Creek

18 and 17

Middle Creek* Luke Creek
Mt Fyffe Walk

14, 15 and
part of 16
13

(m2)

Fan
Volume
(m3)

2,854,277 9,091,391
232,207

191,985

4,115,608 24,111,708
1,439,181 15,812,877

Prehistorical
Approximate Debris
Age of Fan

Late

6,579,378 43,567,963

Forecast

Landslide

Landslide

Production Production

Accumulation rate:

Rate:

Rate (m3/yr)

RCP8.5

historical

(m3/yr)

(m3/yr)

2,165

3,750

908

16

N/A

N/A

5,741

7,884

1,782

3,765

1,035

146

5,313

4,714

601

464

N/A

N/A

163

N/A

N/A

Holocene
Early
Holocene
Late
Holocene
Late
Holocene
Early

Waimangarara 12

Forecast

Holocene –
Late
Holocene

Waimangarara
young

12

3,623,450. 27,137,812

Late
Early

Rangefront
fan*

10

1,921,309 3,805,342

6,461

Holocene
Holocene –
Late
Holocene

Harnett’s
Creek*

10 and 12

1,459,159. 1,912,465

Early
Holocene

*The forecast landslide production rates for these fans are uncertain as the watershed that could provide debris to
them are not easily linked.

5.4

Applying these Results

The major uncertainties in the risk model relate to the input variables of 1) the expected timevarying frequency of a 24-hour rainfall amount occurring based on climate change projections;
and 2) the runout distance that landslide debris may travel downslope.
The expected confidence limits on the analysed risk levels, are estimated to be marginally less
than an order of magnitude (higher or lower), in terms of the absolute risk levels presented in
this report. That is, an assessed risk of 10-4 per year could reasonably range from 10-3 per year
to 10-5 per year.
When faced with uncertainties in assessing life safety risk, it is standard practice to take a
precautionary view. That is, to base decisions on a risk value towards the upper, rather than
the central or lower, end of the range emerging from the risk analysis. Typically (e.g. in the
Building Code) an 84th percentile (84th%) value is used, rather than the 50th percentile (50th%,
or ‘mean’ estimate).
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The LPR maps (Appendix 3) in our opinion provide the ‘best’ estimate of the LPR to those
people in the study area who are currently exposed to landslide hazards (risk model scenario
1, Table 3.10), as they are based on ‘mean’ (50th%) estimates of landslide production rates
and debris runout and adopt historical 24-hour rainfall annual frequencies, and variable
vulnerability values. They are slightly conservative as they assume a person is present 100%
of the time. These LPR values are equivalent to the AIFR, assuming a person is present 100%
of the time.
For future decision making, the results from risk model scenario 7 (Appendix 4) might be more
appropriate for KDC and CRC to use, when considering a more precautionary approach.
These LPR values can be assumed to be equivalent to AIFR, assuming a person is present
100% of the time. They provide risk estimates that are based on more conservative values for
the variables used in the risk model, which are:
•

24-hour rainfall amounts for the given annual frequencies, adopting the HIRDS estimates
based on RCP8.5 and a 2.58°C temperature increase over the next 80 years;

•

84th% statistical estimates of the landslide production rates (RIL and EIL) and debris
runout distances; and

•

100% occupancy, i.e. a person is present 100% of the time.

KDC should now consider how to utilise the risk maps in the District Plan. To do this, risk
thresholds will need to be defined on which the hazard zones and planning rules associated
with them can then be based. Some guidance around how to set such risk tolerability
thresholds is given in Taig et al. (2012; forthcoming 2021a, 2021b).
Digital GIS-based layers containing the risk results for each of the modelled scenarios (1-9,
Table 3.10) have been provided to KDC and CRC with this report. KDC and CRC may want to
consider the results from these other risk model scenarios, when choosing the most
appropriate one(s) to use for their decision making. However, by adopting risk model scenarios
with a constant vulnerability value of 100%, the metric calculated is the annual frequency of a
grid cell being hit by landslide debris, or the probability of impact, not risk. Therefore, setting
risk thresholds using such metrics becomes difficult.
Given the district scale of the risk models, a provision should be included whereby site-specific
information for a site/dwelling could be used to re-evaluate the landslide risk, thus allowing the
given site to be reclassified (e.g. changing its high hazard area status through a certification
process). This process was allowed for in Christchurch City Council’s replacement District
Plan (Quigley et al. 2021). In 2016, the Independent Hearings Panel agreed to this provision,
provided that any re-assessment should follow the same method and approach adopted for
the district-wide assessments. Some information about how such site-specific factors could be
incorporated into and modify the risk model are contained in Appendix 5.
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6.0

RISK IN CONTEXT

Risk criteria used in other contexts and information on New Zealand natural hazard and other
risks can be used to inform the nature of the risk metrics and criteria that KDC and CRC might
adopt in relation to landslide risk in the study area. Such information can be used to define
the quantitative ranges within which such criteria should be set in order to be consistent
with practice elsewhere and with New Zealanders’ apparent tolerance (or otherwise) for risk
associated with other hazards (e.g. Taig et al. 2012; 2020; Clarke et al., forthcoming 2021).
Recommended next steps for KDC and CRC are:
6.

KDC and CRC consider establishing risk criteria for determining the tolerability or
otherwise of landslide risk across the district, based on societal acceptance of comparable
levels of risk arising from other sources. Such criteria should be based around a defined
sustainable upper limit of tolerability of, for example, LPR or AIFR, that represents the
risk level above which KDC and CRC does not consider it tolerable for there to be people
at risk in their properties in the longer term.

7.

From past examples, including the Port Hills, Canterbury, the sustainable threshold of
AIFR should be set within a range from 3 x 10-5 to 1 x 10-3 per year, consistent with risk
levels currently tolerated in New Zealand and with regulatory practice elsewhere. A
suitable starting point for KDC and CRC’s deliberation as to where to set their threshold
within this range would be a level of 1 x 10-4 (1/10,000 per year) AIFR.

8.

KDC and CRC could adopt a lower threshold of LPR or AIFR above which development
is controlled to prevent accumulation of people in areas of substantial risk below the
sustainable threshold of tolerability. Such a threshold could be set 10 times below the
tolerability threshold for general property uses involving significant occupancy by people
and 100 times below the tolerability threshold for particularly sensitive property uses (e.g.
schools, care homes, hospitals).
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CONCLUSIONS

The conclusions from this study are:
1.

The Local Personal Risk (LPR) has been estimated for landslide hazards – debris
inundation / falling debris – that could occur within the study area from earthquake and
rainfall triggers.

2.

The LPR from landslide hazards varies as a function of the proximity of, for example,
a person or dwelling to the steeper slopes and whether they are on a debris flow fan.

3.

The main contributor to the LPR is from rainfall-induced landslides (RIL). This is because
rainfall-triggering landslide events occur more frequently than strong earthquakes.

4.

The LPR from earthquake-induced landslides (EIL) tends to decrease rapidly with
increased distance from the toe of the steeper slopes, relative to the LPR from RIL.
This is because the debris from RIL is wet and tends to travel further than the typically
dryer debris associated with EIL.

5.

The LPR from RIL tends to be slightly higher in the north of the study area. This reflects:
˗

the slightly higher 24-hour rainfall amounts estimated for the given rainfall bands
from HIRDS; and

˗

the more susceptible nature of the geological materials – mainly soils, sandstones,
siltstones and limestones – compared to the stronger greywacke sandstones that
form most of the slopes in the central and southern parts of the study area.

6.

The LPR from EIL is highest along the steeper coastal sections of the study area,
especially along State Highway 1 to the north and south of Kaikōura and in the Mt Fyffe
and Clarence River areas.

7.

The sensitivity of the risk model to key uncertainties and the reliability of the assessments
were investigated by changing some of the input variables used; these were: the number
of landslides triggered by both earthquake and 24-hour rainfall triggers; the impact of
climate change on increasing the 24-hour rainfall amount forecast to occur at the given
annual frequencies; the probability of landslide debris passing a given distance down the
slope – runout probability of exceedance (POE) per Fahrböschung; and the vulnerability
of a person present being hit and killed by landslide debris.

8.

These uncertainties combine to give a total factor of difference of between 8 and 10,
which is up to an order of magnitude uncertainty on the risk estimates. This difference is
between the risk estimates that adopt the Mean scenario inputs versus those that adopt
all of the Upper scenario inputs. They are based on ranges of the input variables that are
thought to be reasonable.

9.

The two most significant uncertainties in this analysis were: (i) the impact of climate change
on increasing the 24-hour rainfall amounts that could occur at the given annual frequencies
and (ii) the runout POE for each Fahrböschung extent. These two variables combine to
give a total factor of difference, between the risk estimates, of between 5 and 6.
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APPENDIX 1
Table A1.1

EARTHQUAKE-INDUCED LANDSLIDE SUSCEPTIBILITY

Logistic regression parameter estimates (coefficients) for each variable per GeolCode used to
forecast earthquake-induced landslide susceptibility (see Massey et al., forthcoming 2021 for
explanation of variables).

GeolCode 1
Variable ID

GeolCode 2

GeolCode 3

GeolCode 4

GeolCode 5

Estimate

Std.
Dev.

Estimate

Std.
Dev.

Estimate

Std.
Dev.

Estimate

Std.
Dev.

Estimate

Std.
Dev.

Intercept

-6.30

0.04

-8.16

0.03

-7.09

0.04

-7.00

0.04

-9.11

0.02

Elevation

-0.0011

0.00002

0.0019

0.00002

-0.00024

0.00003

-0.00040

0.00003

-0.00038

0.00001

Slope

0.059

0.001

0.056

0.001

0.035

0.001

0.011

0.001

0.043

0.001

LSR

0.048

0.001

0.021

0.000

0.025

0.001

0.030

0.001

0.035

0.000

Curvature

-0.154

0.012

-0.127

0.005

-0.122

0.007

-0.136

0.007

-0.104

0.003

FaultDist
PGA
Pseudo R2
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-0.00015 0.000002 -0.00009 0.000001 -0.00005 0.000001 -0.00004 0.000001 -0.00003 0.0000002
0.15

0.03
0.38

1.25

0.02
0.30

1.37

0.03
0.16
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RAINFALL-INDUCED LANDSLIDE SUSCEPTBILITY

We have used a logistic regression model to create a landslide susceptibility model to forecast
the spatial distribution of rainfall-induced landslides (RIL) in the study area. Logistic regression
models estimate the landslide probability (0 to 1, where 1 = landslide occurrence) at the regional
scale, where regional scale is defined as being between 1:25,000 and 1:250,000 (Corominas
et al. 2015) referred to as the ‘district’ scale in this report. Susceptibility models and maps are
a fundamental input to hazard analysis, as they can be used to determine the most probable
locations of where landslides may initiate (de Vilder and Massey 2020). Susceptibility maps are
typically based on information from landslide inventories, along with any pre-disposing
‘susceptibility’ factors, developed for a specific triggering event. The logistic regression model
was ‘trained’ using two RIL datasets, specific to the district (Figure A2.1). These were:
•

Cyclone Alison (11–12 March 1975) and associated landslides, and

•

ex-Tropical Cyclone Ita (17 April 2014) and associated landslides.

The aim of the modelling in this study is to create a statistically robust model that can be used
to forecast landslide probability as an input for the risk analysis.

A2.1

Datasets and Variables Used to Train the Rainfall-Induced Landslide
Model

The predictor variables used to train the models were chosen based on variables previously
found to influence landslide occurrence (e.g. von Ruette et al. 2011; Lombardo and Mai 2018).
Based on these studies, we reduced the number of predictor variables used in model training
to the following, in no particular order:
1.

24-hour rain amount

2.

Land cover code (LCC)

3.

Geology

4.

Elevation

5.

Slope

6.

Local slope relief (LSR)

7.

Curvature

8.

Aspect.

These predictor variables and the methods used to calculate them are described in Table A2.1
and shown in Figure A2.2. To undertake the modelling, a sample grid at 32 m ground resolution
was defined and an input grid for each variable was created and aligned with the sample grid.
The 32 m resolution grid size was chosen, as it was much less than the typical hillslope lengths
in the regions used for modelling, which can vary from 100 to >>1000 m. This resolution was
identified as fulfilling the needs of the stakeholders. It also allowed easy aggregation of the
inputs derived from the elevation data based upon the NZ 8 m Digital Elevation Model (2012)
obtained from the Land Information New Zealand (LINZ) Data Service. For this analysis,
only landslide source areas, not debris trails, from each inventory were used. To reduce
sample bias; (1) it was assumed that a grid cell is defined as being a landslide source (LS = 1)
if its centroid falls within a landslide source area, even if the grid cell is not fully occupied by
the landslide source; and (2) all landslides within each dataset were used, regardless of their
size. The minimum mapped landslide source areas within the datasets used are <10 m 2 for
both Cyclone Alison and ex-tropical Cyclone Ita landslide inventories. The ‘roll-overs’ in the
GNS Science Consultancy Report 2021/89
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landslide source frequency-area plots are 100 m2 for both Alison and Ita datasets, suggesting
that landslides smaller than these were unlikely to have been systematically mapped and are
therefore under-represented in these inventories (Figure A2.3).

Figure A2.1

52

24-hour rainfall from rain gauge records and the mapped landslide distributions associated with:
(a) Cyclone Alison (1975) and (b) ex-Tropical Cyclone Ita (2014).
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Predictor variables used in the logistic regression model and their ID codes, descriptions and units.

Variable Type

Variable ID

Description

Landslide

Geology 1

Quaternary sands, silts and gravels. These materials

susceptibility

(GeolCode 1)

typically form terrace deposits on the top of the steep

Units
N/A

coastal cliffs, as well as on inland gentle slopes adjacent to
the main rivers of the area. Many of these terraces have
been incised by rivers.
Geology 2

Neogene limestones, sandstones and siltstones, which are

(GeolCode 2)

typically weak. They occur along sections of the coast north

N/A

of Kaikōura..
Geology 3

Upper Cretaceous to Paleogene rocks, including

(GeolCode 3)

limestones, sandstones, siltstones and minor volcanic

N/A

rocks. These are typically weak and easily erodible, and
they can contain thin clay seams, that are volcanic in origin.
They are typically exposed in narrow strips overlying the
greywacke basement rocks in the Kaikōura region..
Geology 4

All intrusive and extrusive igneous rocks, ranging in age

(GeolCode 4)

from Jurassic to Quaternary. Includes andesites, basalts,

N/A

rhyolites, ignimbrites, dacites, granites and granodiorites.
Geology 5

Lower Cretaceous Torlesse (Pahau terrane) ‘basement’

(GeolCode 5)

rocks are predominantly sandstones and argillite, also

N/A

known as greywacke. The greywacke rocks are typically
moderately to well bedded and tend to be closely jointed.
They form many of the coastal slopes, as well as the
steeper inland Kaikōura mountain ranges, and are the
dominant rock type affected by the Kaikōura earthquake.
SlopeMEAN

Local hillslope gradient generated in ArcGIS from the LINZ

Degrees (°)

8 m resolution DEM, adopting the mean value of all 8 m
cells that fall within each cell of the 32 m sample grid. This
variable is a proxy for the static shear stresses in the slope.
Land Cover

Taken from the Land Cover Database (LCDB; LRIS Portal

Code 1

2020). This code represents exotic and indigenous forest.

N/A

(LCC1)
Land Cover

Taken from the LCDB. This code represents bare ground,

Code 2

transport (such as roads) and urban.

N/A

(LCC2)
Land Cover

Taken from the LCDB. This code represents alpine

Code 3

vegetation, grassland and scrub.

N/A

(LCC3)
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Variable Type

Variable ID

Description

ElevMEAN

Local hillslope elevation taken from the LINZ 8 m resolution
DEM, adopting the mean value of all 8 m cells that fall

Units
Metres
above mean

within each cell of the 32 m sample grid. This variable

sea level

represents the observation that topography can limit the

(mAMSL)

size of the landslides. For example, slopes that are higher
in elevation tend to have larger surface areas and can
therefore generate larger landslides than slopes at lower
elevations, which tend to have smaller surface areas
(Massey et al. 2020). It could also represent different
climatic conditions and erosion processes, which could
dominate at different elevations.
CurvMEAN

Curvature generated in ArcGIS from the LINZ 8 m

One

resolution DEM. For each cell, the curvature value is

hundredth

calculated as a second derivative of the surface fitted

(1/100) of a

through that cell and its eight surrounding neighbours.

z-unit

A negative value indicates that the surface is upwardly
convex at that cell. A positive profile indicates that the
surface is upwardly concave at that cell. A value of 0
indicates that the surface is flat. Curvature was aggregated
to 32 m resolution, adopting the mean value of all 8 m
cells that fell within each cell of the 32 m sample grid.
This variable is a proxy for slope depressions and areas
that may accumulate water.
LSRMAX

Local slope relief generated from the LINZ 8 m resolution

Metres (m)

DEM using focal statistics in ArcGIS. It is calculated at 8 m
resolution as the difference in elevation between a given
grid cell and the lowest in elevation grid cell within an 80 m
(10 cells) radius. LSR was aggregated to 32 m resolution,
adopting the maximum value of all 8 m cells that fell within
each cell of the 32 m sample grid. LSR represents the local
height of the sample grid cell. It presents locally steeper
and potentially more unstable slopes at a scale larger than
the 32 m grid cell size.
Landslide

AspectMEAN

Generated in ArcGIS from the LINZ 8 m resolution DEM

(earthquake)

using 1° aspect bins. The mean was calculated by adopting

forcing

the mean value of all 8 m cells that fall within each cell of

Degrees (m)

the 32 m sample grid. The aspect is a proxy for the likely
soil moisture of the cell, as certain aspects are more
shaded (e.g. the south-facing aspects) compared to the
northern ones that are exposed to more solar radiation and
are thus assumed to be dryer.
24-hr Rain

The 24-hour maximum rain amount calculated from the
gauge data over the length of each storm. The rain gauge
data was interpolated between gauges using the natural
neighbour function in ArcGIS.
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The variables used to train the logistic regression rainfall-induced landslide forecast model.
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Figure A2.3

Ex-tropical Cyclone Ita (2014)

Cyclone Alison (1975)

Ex-tropical Cyclone Ita Power Law

Cyclone Alison Power Law

The cumulative number of landslides per square kilometre equal to or greater than a given landslide
source area, plotted separately for Cyclone Alison (diamond symbols) and ex-Tropical Cyclone Ita
(triangle symbols). The power law trend lines are fitted to the data for landslide source areas >100
m 2.

GNS Science Consultancy Report 2021/89

55

DRAFT

Confidential 2021

A2.2

The Logistic Regression RIL Model

Logistic regression is routinely used to forecast landslide occurrence (e.g. Lombardo and
Mai 2018) by calculating landslide probability from a series of input ‘predictor’ variables.
The method is used to estimate the coefficients for predicting the probability (PLS) that Y = 1,
given the values of one or more predictor variables. Here, the condition Y = 1 corresponds to
the occurrence of a landslide and Y = 0 corresponds to no landslide within a sample grid cell
on the ground. The regression coefficients are estimated using a maximum likelihood criterion.
For this work, we independently derived models that were fitted to the continuous predictor
variables grouped by GeolCode, where landslide probability (PLS: Geology x) for each geology
group (GeolCode) is given by the following equation:
𝑃𝐿𝑆:𝐺𝑒𝑜𝑙𝑜𝑔𝑦 𝑥 =

1
𝐶𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 +𝐶𝑅𝐴𝐼𝑁24ℎ𝑟 .𝑅𝐴𝐼𝑁24ℎ𝑟 +𝐶𝐸𝑙𝑒𝑣𝑀𝐸𝐴𝑁 .𝐸𝑙𝑒𝑣𝑀𝐸𝐴𝑁 +𝐶𝐴𝑠𝑝𝑒𝑐𝑡 .𝐴𝑠𝑝𝑒𝑐𝑡+

Equation A2.1

1+𝑒𝑥𝑝(−(
))
+𝐶𝑆𝑙𝑜𝑝𝑒𝑀𝐸𝐴𝑁 .𝑆𝑙𝑜𝑝𝑒𝑀𝐸𝐴𝑁 +𝐶𝐿𝑆𝑅𝑀𝐴𝑋 .𝐿𝑆𝑅𝑀𝐴𝑋 +𝐶𝐶𝑢𝑟𝑣𝑒𝑀𝐸𝐴𝑁 .𝐶𝑢𝑟𝑣𝑒𝑀𝐸𝐴𝑁 +𝐿𝐿𝐶

Land Cover Code was included in the regression as a categorical variable. The regression
coefficients were derived by ‘training’ on the two RIL datasets using the Statistica software
(TIBCO Software Inc. 2020). For model fitting, we used an unbalanced dataset, given that the
occurrence of a landslide (Y = 1) is much rarer than not (Y = 0). Therefore, our datasets are
inherently biased toward no landslides (Y = 0) and, as a result, are naturally unbalanced.
For a predictor variable to be included in the model, it must have a logical and statistically
significant influence on PLS. We used a significance level (p-value) of p < 0.05 (using the Wald
statistic) as the threshold for inclusion in the model.

A2.3

The Statistical Performance of the Rainfall-Induced Landslide Model

The statistical performance of the logistic regression were compared using two approaches:
(1) the ROC curve and AUC and (2) the cumulative forecast probability versus the cumulative
landslide record, referred to as the ‘CumF-R’. ROC curves (e.g. Fawcett 2006; Lombardo and
Mai 2018) are graphical plots based on the analysis of ‘non-failing’ and ‘failing’ predictions.
The
ROC
curve
is
created
by
plotting
the
true
positive
rate (TPR) against the false positive rate (FPR) at various threshold settings. The TPR is also
known as ‘sensitivity’ in machine learning. The FPR is known as ‘probability of false alarm’
and can be calculated as (1 − specificity), where specificity is true negative rate (TNR). The
ROC curves illustrate the diagnostic ability of a binary classifier system, as its discrimination
threshold is varied. The shape of the curve is used to evaluate the goodness of fit for a binary
classifier – in this case, whether a grid cell is a landslide or not (Y = 1 or Y = 0) – where the
class prediction for each instance is based on the continuous random variable; in this case,
the landslide probability. The TPR defines how many correct positive results (in this case,
landslides, or cells where Y = 1) occur among all positive samples (total number of landslide
cells). FPR, on the other hand, defines how many incorrect positive results (non-landslides,
or cells where Y = 0) occur among all negative samples (total number of cells with Y = 0).
The number of landslide (true positive) and non-landslide (false positive) cells was counted for
all cells where the landslide probability was greater than a threshold, where the threshold is a
varying parameter.
An ROC curve demonstrates the following: (1) the trade-off between TPR and FPR; (2) that
the closer the curve follows the left y-axis border and then the top x-axis border of the ROC
space (AUC close to 1), the more informative the prediction may be; and (3) that the closer
the curve comes to the 45° diagonal of the ROC space (AUC = 0.5), the less informative
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the prediction may be. Therefore, a model result with an AUC >0.9 indicates that the ability of
the model to forecast landslide probability is ‘excellent’, and an AUC <0.70 indicates that the
ability of the model to forecast landslide probability is ‘poor’ (Lombardo and Mai 2018).
The TPR (sensitivity), FPR (1-specificity) and AUC were calculated for each modelled scenario
in the following way:
•

Step 1: Forecasting. Using the logistic regression models fitted to each GeolCode, the
‘forecast’ probability was calculated for each grid cell in the dataset based on the variables
for the given cell. The data was then ordered from high to low forecast probability.

•

Step 2: TPR (Sensitivity). This is the cumulative number (forecast probability sorted from
high to low, Step 1) of correctly predicted landslides (cells where Y = 1) divided by the
total number of cells classified as being a landslide (Y = 1) in the given dataset.

•

Step 3: FPR (1 – Specificity). This is the cumulative number (forecast probability sorted
from high to low, Step 1) of non-landslides predicted as landslides (cells where Y = 0)
divided by the total number of cells classified as not being a landslide (Y = 0).

•

Step 4: Area under the curve (AUC). The area was calculated from a histogram created
by plotting the TPR on the y-axis against the FPR on the x-axis for each forecast
probability, sorted from hight to low (Step 1).

•

Step 5: ROC was also plotted and AUC calculated using the Python scikit-learn library.

The CumF-R relationship is a way to show whether the forecast model is under- or overpredicting the number of grid cells that are forecast as being a landslide. It therefore shows
the ‘consistency’ of the modelled forecast probabilities against the actual grid cells recorded
as being landslides (Parker et al. 2015; Massey et al. 2018). These are calculated as the
cumulative sum of forecast landslide probability values for each sample grid cell, sorted from
low to high probability. The corresponding recorded Y-values, i.e. Y = 1 (landslide) or Y = 0
(no landslide) are also summed on the sorted dataset, providing the cumulative sum of grid
cells classified as being a landslide (Y = 1). A well-performing model should plot as a ‘straight’
line and close to the line of equality in cumulative forecast versus cumulative record space.
A poorly performing model will not be a straight line and will either over- or under-forecast
the cumulative number of landslide cells.

A2.4

Rainfall-Induced Landslide Model Results

The results from the logistic regression model are shown in Table A2.2. The parameter
estimates (coefficients) for each variable are listed in Table A2.3. These results represent
parameter estimates for each variable based on logistic regression models fitted to all records
within each GeolCode from both RIL inventories combined (Cyclone Alison and Ex-tropical
Cyclone Ita). There were not enough landslide records in GeolCode 4 to statistically fit a logistic
regression model, so models were only fitted to GeolCodes 1, 2, 3 and 5. The results from the
modelling show that the logistic regression model trained using the two RIL inventories are
robust and can be used to forecast RIL probability.
The CumF-R plots are shown in Figures A2.4–A2.7, and show that, in general, the relationships
between the cumulative record and cumulative forecast probabilities display a good fit to the
line of equality. This shows that the modelled probabilities are broadly consistent with the data,
that the observed and predicted probabilities display a good fit to the line of equality and that
the fitted models generally have no apparent biases in any part of their range.
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To investigate the rank order of importance of the different variables used in the models,
the Wald statistic was used (Tibco Software Inc. 2020). In order of importance, from most
to least important, the variables used in all GeolCode models were: (1) 24-hour Rain, (2)
Elevation, (3) Slope, (4) Aspect, (5) LLC, (6) LSR and (7) Curvature.
Table A2.2

Logistic regression modelled scenarios trained per GeolCode, adopting data from Cyclone Alison
(1975) and ex-Tropical Cyclone Ita (2014) rainfall-induced landslide inventories combined. For the
percentage difference column, negative values would indicate that the given model scenario underestimates the number of cells where Y =1, and positive values would indicate an over-estimate.

Model Scenario

Total N Grid Cells
Y=1 (Landslide)

Total N Grid
Cells Y=0
(Non-Landslide)

Pseudo R2

ROC:
AUC

GeolCode 1

1366

1,845,830

0.25

0.94

GeolCode 2

8223

842,276

0.24

0.91

GeolCode 3

4188

777,163

0.21

0.89

GeolCode 5

7477

5,106,994

0.22

0.93

Table A2.3

Parameter estimates (coefficients) for each variable per GeolCode, adopting data from Cyclone
Alison (1975) and ex-Tropical Cyclone Ita (2014) rainfall-induced landslide inventories combined.
For the categorical variable of Land Cover Code (LCC), LCC3 was used as the reference within all
GeolCode models.

GeolCode 1
Variable ID

GeolCode 3

GeolCode 5

Estimate

Std.
Dev.

Estimate

Std.
Dev.

Estimate

Std.
Dev.

Estimate

Std.
Dev.

Intercept

-10.5

0.1

-9.81

0.07

-8.6

0.1

-8.0

0.1

24-hr Rain

0.0160

0.0004

0.0241

0.0002

0.0159

0.0002

0.0136

0.0001

Elevation

-0.0083

0.0003

-0.0050

0.0001

-0.0062

0.0001

-0.0058

0.0001

Slope

0.140

0.007

0.082

0.003

0.107

0.004

0.074

0.003

Aspect

-0.046

0.003

0.002

0.001

-0.013

0.002

-0.024

0.001

LSR

-0.04

0.01

-0.042

0.006

-0.10

0.01

-0.08

0.01

Curvature

0.09

0.03

0.01

0.01

0.03

0.02

0.09

0.01

LCC1

0.43

0.09

-0.12

0.04

-0.35

0.05

0.22

0.06

LCC2

-1.2

0.1

-0.06

0.06

-0.2

0.1

-1.0

0.1

1

-

1

-

1

-

1

-

LCC3
Pseudo R
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Figure A2.4

GeolCode 1: CumF-R plot for the logistic regression model. The results are based on a model fitted
to Cyclone Alison (1975) and ex-Tropical Cyclone Ita (2014) rainfall-induced landslide inventories.
The Cum_Forecast (y-axis) is the Sensitivity (true positive rate), and the x-axis is the cumulative
record, Events Predicted as NonEvents, which is also the Specificity (false positive rate).

Figure A2.5

GeolCode 2: CumF-R plot for the logistic regression model. The results are based on a model fitted
to Cyclone Alison (1975) and ex-Tropical Cyclone Ita (2014) rainfall-induced landslide inventories.
The Cum_Forecast (y-axis) is the Sensitivity (true positive rate), and the x-axis is the cumulative
record, Events Predicted as NonEvents, which is also the Specificity (false positive rate).
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Figure A2.6

GeolCode 3: CumF-R plot for the logistic regression model. The results are based on a model fitted
to Cyclone Alison (1975) and ex-Tropical Cyclone Ita (2014) rainfall-induced landslide inventories.
The Cum_Forecast (y-axis) is the Sensitivity (true positive rate), and the x-axis is the cumulative
record, Events Predicted as NonEvents, which is also the Specificity (false positive rate).

Figure A2.7

GeolCode 5: CumF-R plot for the logistic regression model. The results are based on a model fitted
to Cyclone Alison (1975) and ex-Tropical Cyclone Ita (2014) rainfall-induced landslide inventories.
The Cum_Forecast (y-axis) is the Sensitivity (true positive rate), and the x-axis is the cumulative
record, Events Predicted as NonEvents, which is also the Specificity (false positive rate).
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LOCAL PERSONAL RISK MAPS: SCENARIO 2
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LOCAL PERSONAL RISK MAPS: SCENARIO 7
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EXAMPLE SITE-SPECIFIC ASSESSMENT FORM
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