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ABSTRACT 

In the lead up to the next Auckland Volcanic Field (AVF) eruption, it is likely decision-makers 
will need to determine when and where to call an evacuation. Over the past two decades there 
has been a growing body of research aimed at exploring the use of quantitative hazard and 
risk models to support decision-makers. There is a wide range of existing quantitative 
approaches for assessing risk and its components: hazard, exposure and vulnerability. 
A detailed understanding of the differences between these approaches is needed in order to 
select the most appropriate one for a specific decision-making context. In this report 
quantitative volcanic hazard models for assessing eruption probability and vent location 
distribution are compared, along with relevant exposure, vulnerability, impact and cost-benefit 
analysis approaches. A selection framework for each of these components is presented for a 
range of assessment requirements. The selection framework presented in this report aims to 
support any risk scientist in selecting an approach to use when developing a quantitative 
volcanic hazard and risk model. This selection framework is then applied in the context of an 
AVF eruption evacuation decision-support framework. The criteria for selection of approaches 
used for the AVF example are informed by the outcomes of a stakeholder engagement 
workshop that was carried out to understand requirements for AVF decision-support. For the 
AVF hazard assessment, two pre-developed event tree tools were identified as appropriate, 
BET_EF and ST_HASSET. The models were both run based on published examples and 
tested against simulated event data from a 2008 tabletop AVF eruption exercise, 
Exercise Ruaumoko. This highlighted some functionality differences between BET_EF and 
ST_HASSET, with BET_EF using predefined thresholds and inputs for monitoring 
observations, and ST_HASSET relying on subjective selection for any changes in monitoring 
observations. Due to these differences and the wider experience in New Zealand for both the 
AVF and other New Zealand volcanoes, BET_EF is selected as a more appropriate 
quantitative volcanic hazard assessment tool for the purposes of an AVF eruption context. 
The availability of detailed population and road spatial data for Auckland and suitable 
vulnerability functions allow for the development of an evacuation decision-support tool for an 
appropriate scale. The findings from this report will support ongoing research developing a 
quantitative hazard and risk model to support decision-makers in the event of an evacuation 
during an AVF event. 

 

KEYWORDS 

DEVORA, Auckland Volcanic Field, quantitative volcanic hazard assessment, volcanic risk 
management, decision-support, New Zealand.
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ACRONYMS 

AVF Auckland Volcanic Field 

BBN Bayesian Belief Network 

BET_EF Bayesian Event Tree for Eruption Forecasting 

BET_UNREST Bayesian Event Tree for Volcanic Unrest 

BET_VH  Bayesian Event Tree for Volcanic Hazard  

BET_VH_ST Bayesian Event Tree for Volcanic Hazard Short Term 

CBA Cost-benefit analysis 

FFM Failure Forecast Model 

HASSET Hazard Assessment Event Tree 

MDS  Multiple Data Sets Event Tree 

MM Markov Model  

PVHA Probabilistic volcanic hazard analysis  

ST_HASSET Short term Hazard Assessment Event Tree 
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1.0 INTRODUCTION 

Auckland is situated on top of the Auckland Volcanic Field (AVF), posing a significant risk to 
the city. A future event would potentially require a large proportion of the population to evacuate 
during the lead-up to, or initial stages of, an eruption. However, identifying when and where to 
call an evacuation can be complex and uncertain, especially due to the pressure on scientists 
and decision-makers in the midst of a crisis (Marzocchi and Woo 2007; Woo 2008; 
Marzocchi et al. 2012b). One approach gaining traction is the movement towards exploring 
quantitative methods for volcanic risk management decision-support (Connor et al. 2003; 
Marzocchi and Woo 2009; Lindsay et al. 2010; Sandri et al. 2012; Aspinall and Woo 2014; 
Sobradelo et al. 2014; Newhall and Pallister 2015; Cassisi et al. 2016; Sheldrake et al. 2017).  

Assessing AVF eruption hazard and risk is a critical component of an ongoing PhD project by 
Alec Wild at the University of Auckland, who is looking at evacuation decision-support using 
quantitative approaches. However, selecting an appropriate approach can be difficult given the 
number of tools and their different uses and assumptions. The aim of this report is to survey 
quantitative volcanic hazard and risk tools, methods and models, and present a useable 
framework to demonstrate how someone looking to implement a quantitative risk assessment 
could select the most appropriate approach based on a specific volcanic and risk context. 
Here, we introduce available approaches that provide spatial and/or temporal volcanic eruption 
probabilities i.e. when and/or from where the eruption will occur, considering both short- and 
long-term hazard assessments. This is followed by a review of exposure and vulnerability tools, 
and all-in-one integrated risk assessment tools.  

Finally, we present a framework for selecting relevant hazard, exposure, vulnerability, and risk 
tools to create a quantitative risk assessment approach and apply this to the AVF to illustrate 
how it might be used to support the decision if and when to call an evacuation.  
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2.0 SUMMARY OF AVAILABLE APPROACHES FOR VOLCANIC 
RISK ASSESSMENT 

Volcanic hazard and risk assessments are used to evaluate the potential hazards and 
subsequent consequences that could result in injury and/or death to people, and damage 
and/or disruption to assets and services (UNISDR 2009; Wilson et al. 2014). The ISO31000 
Risk Assessment Framework (ISO 2018) can be applied when conducting a volcanic hazard 
and risk assessment and exploring the viability of mitigation options. As part of this framework, 
a risk assessment comprises of three key components: 1) identification, 2) analysis, and 
3) evaluation. Risk identification and analysis is conducted by assessing the hazard, and the 
vulnerability characteristics of exposed elements to understand risk (Figure 2.1; Brooks 2003; 
Peduzzi et al. 2009; Marzocchi et al. 2012a; Wilson et al. 2014). Risk evaluation aims to 
support decision-makers by comparing the results of the risk analysis step establish criteria to 
determine when action is required, such as risk mitigation strategies (ISO 2018). Table 2.1 
provides a definition of the terms used in this report. In the following subsections each of the 
steps presented in Figure 2.1 will be introduced at a high-level. 

 
Figure 2.1 Simplified schematic illustration of the integration of the different components of a risk assessment 

and how such assessments inform risk mitigation.  
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Table 2.1 Definition of terms used in this report. 

Term  Definition Reference 

Natural Hazard A dangerous natural phenomenon that may cause loss of life, 
property damage and disruption.  

(UNISDR 2009) 

Exposure People, property, systems and other assets or elements present in 
the hazard zone that are subject to potential loss.  

(UNISDR 2009) 

Vulnerability The characteristic of an element that makes it susceptible to the 
effects of a hazard. 

(UNISDR 2009) 

Risk The combination of the probability of an event and its negative 
consequences. 

(UNISDR 2009) 

Risk assessment  A methodology to determine the nature and extent of risk by 
analysing potential hazards and evaluating existing conditions of 
vulnerability that together could potentially harm exposed people, 
property, services, livelihoods and the environment on which they 
depend. 

(UNISDR 2009) 

Mitigation The lessening of the adverse impacts of hazards through policy or 
structural strategies.  

(UNISDR 2009) 

Impact The affects from a hazard due to the vulnerability characteristics of 
an exposed asset.  

(Jenkins et al. 2014b) 

Hazard Intensity The magnitude of a hazard at a particular site. This can be either 
absolute e.g. tephra fall thickness in mm or qualitative descriptor 
e.g. ‘low’ and ‘high’.  

(Wilson et al. 2014) 

 

Vulnerability 
indicator 

Qualitative descriptor relating for a given hazard intensity for an 
element. 

(Kappes et al. 2012, 
Wilson et al. 2014) 

Damage matrix The probability of a defined level for a given element from a 
hazard intensity. 

(Kappes et al. 2012, 
Rossetto et al. 2013) 

Fragility function Equations which express the probability of differing levels of 
damage sustained for different infrastructure as a function of 
hazard intensity. 

(Rossetto et al. 2013) 

2.1 Hazard Assessment 

A fundamental component of any volcanic risk assessment is understanding the underlying 
hazard. In the past, deterministic scenarios were used to represent a spatial hazard extent 
(e.g. Voight and Cornelius 1991; Johnston and Nairn 1993; Kilburn 2003); these typically use 
either the ‘most-likely’ or ‘worst-case’ scenario (Haneberg 2000; Lindsay and Robertson 2018) 
or past eruptions (e.g. Wilson et al. 2009; Craig 2015). Such an approach is useful for 
assessing impacts of and planning for specific events and is often popular with emergency 
managers (Hayes et al. 2018). However, this method has limitations; scenarios are typically 
selected based on judgement and/or the purpose, where the probabilities of occurrence are 
rarely presented (Haneberg 2000; Kaye 2008). Another limitation is that deterministic hazard 
assessments focus on the volcanic hazard phenomena produced. Due to this, there has been 
a movement towards probabilistic modelling to account for the varied nature of eruptions and 
their uncertainties due to the intrinsic complexity of volcanic systems, given the number of 
variables in and limited understanding of the volcanic system (Newhall and Hoblitt 2002; 
Marzocchi et al. 2004, 2008, 2010; Lindsay et al. 2010; Sandri et al. 2012; Jenkins et al. 2012a, 
b). Probabilistic volcanic hazard analysis (PVHA) aims to quantify hazards, spatially and/or 
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temporally, applying a combination of past-eruption and expert-derived data, providing 
potentially valuable outputs for decision-makers to prioritise risk mitigation strategies 
(Marzocchi and Bebbington 2012; Connor et al. 2015). 

For the purpose of this report, only hazard assessments approaches that can evaluate eruption 
probability or identify vent location are detailed further, although some of these approaches 
additionally incorporate hazardous volcanic phenomena probabilities and spatial extent. 
However, it is worth noting there is a suite of quantitative models that can model volcanic 
phenomena including tephra fall (e.g. Hurst 1994; Bonadonna et al. 2005; Biass et al. 2016), 
lava flows (e.g. Richardson et al. 2017), lahars (e.g. Schilling 1998; Mead and Magill 2017) 
and ballistics (e.g. Tsunematsu et al. 2014). 

There is a range of available quantitative hazard assessment methods for assessing eruption 
likelihood and vent location, and selecting an appropriate method requires consideration of the 
requirements of the risk assessment context (Table 2.2). One key distinction between many 
available quantitative approaches is whether they consider short (hours to months) or long 
(years or more) timeframes; each of these is typically informed by different input datasets. 
Long-term assessments use historical and geological records of unrest and eruptions and are 
primarily used for hazard and impact awareness and supporting community preparedness and 
planning (Connor et al. 2015). Short-term hazard assessments are used primarily for crisis 
management, such as evacuation decision making, and are typically driven by the recording 
of anomalies by monitoring networks (Marzocchi and Bebbington 2012) or expert judgement 
but can also incorporate past eruption data.  

Due to the various requirements and contexts for volcanic quantitative hazards assessment, 
there has been an array of differing models produced globally. One of the most common types 
is based on probability event trees, first proposed by Newhall and Hoblitt (2002) for use in 
volcanic hazard assessments. Event trees provide a graphical representation of a volcanic 
scenario with branches connecting nodes representing different behaviour with probabilities 
assigned conditional on the previous observed behaviour (Figure 2.2; Marzocchi et al. 2004, 
2008). There have been various event tree implementations, in various contexts. 
Bayesian Event Tree for Eruption Forecasting (BET_EF) is used to assess both short-term and 
long-term probabilities of eruption, allowing it to be used for emergency management in times 
of a crisis and for long-term planning outside of a crisis (Marzocchi et al. 2008). The Bayesian 
Event Tree for Volcanic Hazard (BET_VH) tool extends the BET_EF structure to a long-term 
assessment that considers volcanic hazards across a spatial area (Marzocchi et al. 2010). 
The Bayesian Event Tree for Short-Term Volcanic Hazard (BET_VH_ST) tool is a combination 
of the BET_EF and BET_VH designed to produce a short-term assessment with inclusion of 
volcanic hazard products. BET_UNREST extends the BET_EF framework to consider 
non-magmatic unrest hazards e.g. phreatic eruptions and hydrothermal hazards 
(Rouwet et al. 2014; Tonini et al. 2016). Another long-term event tree structure with similar 
aims to the BET_VH is HASSET (Sobradelo et al. 2014) supplemented by ST_HASSET 
(Bartolini et al. 2016) to assess short-term probabilities with changes in observed volcanic 
behaviour as inputs. All of these listed models use Bayesian inference to assess uncertainty 
and produce a distribution of probabilities for each node (Sobradelo et al. 2014). The USGS 
Volcano Disaster Assistance Program (VDAP) also developed an event tree methodology, 
which uses multiple input datasets (MDS) including expert elicitation and geological data 
(Newhall and Pallister 2015). This is a free-form approach used to structure and document 
expert judgement with outputs easily calculated using a simple Excel file. This approach is the 
only one that has been applied during actual volcanic crises, e.g. the 1991 Pinatubo eruption 
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(Newhall and Pallister 2015) and 2006 Merapi eruption (Pallister et al. 2013), as opposed to 
an exercise. 

 
Figure 2.2 Generic event tree for assessing volcanic hazard (from Newhall and Pallister 2015). In this example 

the tree extends from unrest on the left through to probability of death on the right. Any branch that 
terminates with ‘Clone’ follows the same structure to the prior nodes central branch.  

There are other statistical methods that have been applied to assess eruption likelihood and 
vent location, including Bayesian Belief Network (BBN), Markov Models (MM), Failure Forecast 
Models (FFM) and point process analyses for assessing eruption likelihood and which can 
incorporate eruption characteristics (e.g. size, location) for both short- and long-term 
assessments. 

BBN provides a flexible structure for nodes and branches, which represent observed behaviour 
connected by causal links (Aspinall et al. 2003; Neil et al. 2005; Cowell et al. 2007; 
Marzocchi and Bebbington 2012). Each node contains a set of conditional probabilities that 
describe the relationship between the states of the variable at the node with the states of its 
dependent nodes, represented through relationships (Aspinall et al. 2003). Bayes Theorem is 
applied to combine the conditional probabilities calculated within each node of the model to 
output absolute probabilities of an outcome e.g. eruption of a certain size.  

MM provide a structure for calculating the probability of changing between defined states, each 
with its own timescale (Bebbington 2007). Future state changes are dependent only on the 
current state, with estimates of the rate of changing between these defined states 
(Aspinall et al. 2006). However, when assessing changes in volcanic activity, scientists are 
typically inferring this through monitoring data (e.g. precursory seismic data, gas readings, and 
geodetic changes). The hidden multi-state Markov Model (HMM) can be used to assess 
changes in volcanic activity e.g. magma ascent, which are unobservable or ‘hidden’, allowing 
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scientists to form an opinion of the state of the volcano and its behaviour using the monitoring 
data (Aspinall et al. 2006). Cronin et al. (2001) demonstrates with the use of discretised spatial 
areas how vent location uncertainty can be incorporated into an MM. 

Point process models can be used to estimate the probability of when and where a volcano is 
going to erupt within a defined time interval. They do this by inputting data on past volcanic 
activity collected from historical records and the geological record into statistical models such 
as non-homogeneous or homogeneous Poisson and renewal models (Connor et al. 2015).  

FFM is different from the previously described methods, as instead of producing a probability 
of an eruption within a time window, it estimates the time to ‘failure’ (i.e. eruption) 
(Voight and Cornelius 1991; Cornelius and Voight 1994). FFM achieves this by fitting the 
recorded precursory activity data to an empirical power law relating the rate of the precursory 
activity and the change in that rate (Voight 1988). FFM has been refined since the first 
applications for assessing volcanic eruptions, especially in terms of parameter selection 
(Bell et al. 2011, 2013, 2018; Boué et al. 2015). 

In addition to understanding the temporal eruption probability, forecasting the vent location can 
be critical as well. Only some of the previously described models can attempt this e.g. BET 
suite. However, there are other approaches to assess vent location distribution that could be 
combined with the models described above. One commonly applied is the kernel density 
estimation approach (Connor and Hill 1995; Connor and Connor 2009; Bebbington and 
Cronin 2011; Connor et al. 2012, 2015; Bebbington 2015). The Cox process model is another 
that has been applied to assess the spatial distribution of volcanic events (Jaquet et al. 2012). 
QVAST (Bartolini et al. 2013) is a QGIS plugin for assessing the spatial probability of future 
vents, using geological structures combined with statistical models. 

MatHaz is an open source integrated probabilistic long-term spatio-temporal volcanic hazard 
assessment model written in Matlab (Bertin et al. 2019). Temporal analysis is carried out using 
fitted point process methods. Spatial assessment of vent location uses kernel density 
estimation using input bandwidth parameters. In addition, it can include a range of volcanic 
phenomenon using simplistic approaches. The output from the spatial, temporal and volcanic 
phenomena analysis can be merged to produce volcanic hazard maps.
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Table 2.2 Summary overview of the different volcanic hazard assessment frameworks/methodologies and tools available for calculating the temporal probability of eruption, based 
on published description of each approach and that has been demonstrated in an example of the application (✓ it can calculate, ✗ it cannot).  

 Event Trees 

BBN MM FFM Point 
Process MatHaz 

B
ET

_E
F 

B
ET

_V
H

 

B
ET

_V
H

_S
T 

B
ET

_U
N

R
ES

T 

H
A

SS
ET

 

ST
_H

A
SS

ET
 

M
D

S 

1. Produces probability of 
eruption ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

2. Produces probability of 
vent location ✓ ✓ ✓ ✓ ✗ ✗ ✓ * ✓ * ✓ * ✗ ✓ ✓ 

3. Produces probability of 
volcanic hazard 
occurrence and extent 

✗ ✓ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ 

4. Short-term assessment 
model ✓ ✗ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✗ 

5. Long-term assessment 
model ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✗ ✓ ✓ 

6. Availability vhub.org 

PyBetUnr
est 

vhub.org 

PyBetVH 

Pending vhub.org 

PyBetUnrest 

QGIS 
plugin 

QGIS 
plugin 

Excel 
file 

Code 
libraries 
available 

Code 
libraries 
available 

Code 
libraries 
available 

Code 
libraries 
available 

Code 
available 
in MatLab 

Notes Long 
term is 
the same 
as first 5 
nodes of 
BET_VH 

 Long 
term is 
the same 
as 
BET_VH 

For 
magmatic 
eruptions, it 
is the same 
as 
BET_EF/VH 

  * Vent location assessment 
can be discretised 

 

Uses point 
process for 
eruption 
probability 
approach 

 Uses point 
process 
for 
eruption 
probability 
approach 
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2.2 Exposure Assessment 

An exposure assessment identifies the elements such as population, property and infrastructure 
exposed within the hazard zone. Exposure can be assessed at a range of scales, from site 
specific through to regional, and there is considered to be an inverse relationship between spatial 
scale and level of detail (Wilson et al. 2014). Where data is limited, an exposure inventory can be 
developed by identifying relevant elements on satellite imagery or Google Earth, either using 
remote sensing (Schuegraf and Bittner 2019) or manual generation.  

More sophisticated exposure assessments make use of geospatial data to be used with 
GIS software (Peduzzi et al. 2009). Geospatial exposure data can be sourced through 
government agencies such as Land Information New Zealand (LINZ), local government 
authorities, infrastructure providers, or even manually created from site investigations 
(Foulser-Piggott et al. 2014; Jenkins et al. 2014a). Geospatial data has the advantage that beyond 
just identifying the location, it can contain attributes relating to asset characteristics e.g. building 
material, which can be used to characterise asset vulnerability. In some risk assessments, an 
attribute that could be required is the number of people within a building. Characteristics such as 
occupancy rates are often not known but can be interfered based on known building use types 
(Cousins 2013) or dividing the population of an area across a number of buildings. 

It can also be important to consider interdependencies between exposed elements. 
Sword-Daniels et al. (2015) demonstrated the complex interdependencies between different 
sectors in Monserrat, which included healthcare, infrastructure, the transportation network, 
response agencies such as the police and fire department and political agencies such as ministry 
of finance and economics. Network models can be developed to represent these relationships 
and allow for the assessment of loss of service or impact to downstream elements due to damage 
or impact to upstream elements (Zorn and Shamseldin 2016; Wild et al. 2019b). 

2.3 Vulnerability Assessment 

Vulnerability aims to characterise what makes an element susceptible to impact from a hazard. 
The simplest approach to assess vulnerability is binary, i.e. total preservation or total destruction 
given hazard interaction with the asset (Jenkins et al. 2014a; Wilson et al. 2017). An example of 
this is where a lava flow completely overruns an asset such as a road: regardless of the lava 
characteristics (e.g. temperature or thickness), the road is considered destroyed and there is a 
loss of functionality (Mossoux et al. 2019). However, not all hazardous phenomena and assets 
experience a binary damage relationship. For example, increasing tephra thicknesses can result 
in increasing probability of collapse for a building roof. There are three main approaches to assess 
the vulnerability of an asset from a given hazard: vulnerability indicators, damage matrices, and 
fragility functions (Wilson et al. 2014). These three are listed in order of increasing sophistication 
as they progress from qualitative descriptions of damage to quantitative probabilities for damage 
states in Figure 2.3. 

For further information regarding the development of volcanic vulnerability methods and metrics, 
the reader is referred to Wilson et al. (2014). 
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Figure 2.3 Graphical representation and descriptions of the three most common approaches to assess natural 

hazard vulnerability (from Wilson et al. 2014).  

2.4 Impact and Risk Analysis 

There are varying levels of complexity for quantifying impact and risk by combining hazard, 
exposure and vulnerability. Simple approaches can include manual calculation in tools like Excel. 
However, given the increasing sophistication in hazard footprints with intensity measures, 
exposure datasets and vulnerability models, there has been a move towards more advanced 
computational approaches to assess impact and risk.  

Computational approaches can take the form of iterative assessment approaches using 
geospatial platforms or coding environments, or an all-in-one tool. Geospatial methods use 
Geographic Information Systems (GIS) software to overlay hazard and asset data and have 
been successfully applied to assess volcanic impact (Bonne et al. 2008; Marzocchi and Woo 
2009; Wilson et al. 2009; Sandri et al. 2012; Biass and Bonadonna 2013; Thompson et al. 2017; 
Hayes et al. 2019). There have been attempts to integrate combinations of hazard, exposure 
and vulnerability to estimate risk and support decision-making into a single tool or application. 
VOLCANBOX (Martí et al. 2016) aims to provide a platform for combining individual tools for 
assessing temporal and spatial eruption probabilities (HASSET, ST_HASSET and QVAST), the 
hazard associated with individual phenomena including lava flow, pyroclastic density currents 
and tephra fall (VORIS; Felpeto et al. 2007); vulnerability (VOLCANDAM; Scaini et al. 2014); 
and assessing cost-beneficial decisions (BADEMO; (Sobradelo et al. 2015). Riskscape 
(Reese et al. 2005, 2007; King and Bell 2006), was developed to assess impact to a range of 
asset types from a range of hazards including volcanic eruptions. However, at the time of writing 
the final functionality is unconfirmed, with the imminent release of an update to the RiskScape 
tool. It has been proposed the tool will allow users to input their own exposure and hazard data 
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and defined vulnerability functions to calculate impact (R Woods, DEVORA Annual Forum 2019). 
However, given the relative infancy of integrated risk models, and how they require input from 
other models at this time, their use at this stage should be reviewed before being applied in a risk 
assessment. 

2.5 Risk Evaluation 

Risk evaluation aims to support decision-makers as to which mitigation strategies should be 
implemented. There are a range of quantitative methods for doing this such as: cost-benefit 
analysis (CBA), multi-criteria analysis (MCA), holistic comparison of costs and benefits; 
precautionary approaches to decision-making under uncertainty; and cost-effectiveness analysis 
(Ackerman 2008).  

CBA is commonly applied to inform decision-making in engineering and government agency 
projects in New Zealand (Marzocchi and Woo 2007; Woo 2008, 2015; Sandri et al. 2012), and its 
potential to be applied in volcanic risk assessments to inform evacuation decision-making has 
been explored in volcanic studies (Marzocchi and Woo 2007, 2009; Sandri et al. 2012; 
Wild et al. 2019b). CBA is a method for evaluating the cost of action against the benefit of that 
action. This can be conducted within a structured process, especially when making critical and 
complex decisions in the midst of a crisis. CBA has the potential to reduce the pressure on 
scientists and emergency management officials through the implementation of predefined 
thresholds of exceedance for evacuation calls, as it can be tested and reviewed prior to a crisis.  

Woo (2008) expresses the described CBA approach as a ratio representing the cost to mitigate 
(C) over the loss given no action (L), compared to the probability of impact (p) exceeding a 
pre-defined threshold: 

𝑝𝑝 >
𝐶𝐶
𝐿𝐿

 

Woo (2008) presents an alternate approach modifying the above C/L ratio specifically for 
evacuation decision-making.  

However, one limitation of this approach is that it considers a static point in time i.e. only when p 
is exceeded is it identified as beneficial to call an evacuation, potentially leaving insufficient time 
to evacuate those at risk. (Bebbington and Zitikis 2016) present a dynamic CBA approach with a 
time-dependent framework including modelling the time of eruption onset and the distribution of 
time to evacuate.
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3.0 FRAMEWORK FOR SELECTING A SUITABLE QUANTITATIVE VOLCANIC 
HAZARD AND RISK ASSESSMENT APPROACH 

Given the number of tools, models and approaches available, it can be difficult to decipher the 
relative benefits of each and select which is appropriate to implement. Based on the review above, 
we have developed a pair of frameworks to support the selection of: a quantitative volcanic hazard 
assessment approach (Figure 3.1); and an approach for combining hazard, exposure and 
vulnerability for an impact or risk assessment (Figure 3.2). It is important to note that the selection 
criteria are developed based on the published description of the methods and tools and are 
designed to direct those looking to develop their own volcanic hazard and risk assessments 
towards appropriate approaches. Further factors that will need to be considered by the user 
before selecting an approach include data constraints, computing power and expertise available.  

The hazard assessment selection framework shown in Figure 3.1 outlines available approaches. 
First, the framework considers whether the user wants to analyse from signs of unrest 
(i.e. short-term) or during periods of volcanic quiescence (i.e. long-term), and then whether a 
deterministic or probabilistic approach is favoured. If deterministic, the approach would be to 
derive a scenario or suite of scenarios by experts and this is not discussed further. If probabilistic, 
the user can decide whether they would prefer to use a pre-existing application or not, and the 
various subsequent branches of the framework indicate the options based on desired output 
(e.g. vent location vs. eruption timing).  
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Figure 3.1 Selection framework for temporal and spatial quantitative volcanic hazard assessment. White boxes 

indicate selection, grey boxes indicate models or approaches. Note that each approach is to be used an 
as exclusive solution. 
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Figure 3.2 Selection framework for combining exposure and vulnerability to assess impact/risk with additional options for decision-support. White boxes indicate selections, grey boxes 

indicate models or approaches.  
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The selection of an exposure and vulnerability assessment approach and its integration with 
hazard to assess impact and risk is determined by the quality of the data available. In a limited 
data environment, exposure assessment could be restricted to the collection and 
interpretation of exposure data through media such as satellite imagery. In this case, it may 
be appropriate to use a qualitative vulnerability assessment using vulnerability indicators or 
damage functions. In a data-rich environment, comprehensive exposure data may be 
available, including attribute fields that note characteristics of the asset that could affect its 
vulnerability. In this case, complex vulnerability assessment methods such as fragility and 
vulnerability functions may be appropriate. However, the availability of fragility functions for 
various assets is still limited, with only recent research looking at developing them for 
buildings from tephra fall (Jenkins and Spence 2009) and ballistics damage 
(Williams et al. 2017, 2019), and infrastructure for tephra fall (Wilson et al. 2017).  
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4.0 EVACUATION DECISION SUPPORT FOR THE AVF 

In this section, we illustrate application of the selection framework using the example of deciding 
which areas to evacuate and when during a period of unrest in the AVF. Auckland is the largest 
city in New Zealand (population ~1.6 million; Statistics New Zealand 2018) and is situated on top 
of the AVF. The AVF is a monogenetic field with an estimated 53 eruptive centres formed in the 
last 190 ka, distributed across 360 km2, with the last eruption occurring ~500–550 years ago 
(Leonard et al. 2017; Hopkins et al. 2020). Auckland is built on an isthmus bound by two harbours, 
restricting traffic flow and creating complex logistics for an evacuation during a crisis. Base-surge, 
a dense blast of volcanic gasses and debris, is considered the most significant hazard due to its 
early occurrence in an eruption, its lethality, and the large number of potentially affected people 
(Sandri et al. 2012). The impacts to Auckland from a future AVF eruption have been investigated 
in previous studies, which indicate that evacuation is key to preserving life (Magill and Blong 2005; 
Lindsay et al. 2011; Sandri et al. 2012; Tomsen et al. 2014; Blake et al. 2017; Deligne et al. 2017). 

 
Figure 4.1 Auckland Volcanic Field vent locations with ‘tight’ and 5 km buffer boundaries from Runge et al. (2015) 

to illustrate the current understanding of the AVF extent. The 5 km buffer is a conservative estimate of 
the hazard extent of the AVF.  
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A stakeholder workshop was held on 17 December 2018 with senior Auckland Emergency 
Management officials, emergency responders, transportations managers, and New Zealand 
volcanologists to discuss evacuation decision-support options that could be deployed in the event 
of an AVF volcanic crisis (Wild et al. 2019a). The workshop consisted of an exercise to understand 
how the various groups would manage uncertainty and support the evacuation decision process 
during signs of volcanic unrest. A summary of the key findings that came from the workshop are: 

• Life safety is the primary consideration when considering evacuation from an AVF eruption 

• Evacuations phased by location were recommended  

• The decision to declare a state of emergency is fundamental for the transfer of authority, 
and that a state of emergency related to an AVF eruption is likely to be on a national scale 

• Key locations and services were identified as critical for crisis management e.g. hospitals, 
transportation routes and utility services  

• There are numerous sources of intelligence to aid decision-makers, including GNS/Geonet 
as the primary source of monitoring data and volcanic alert level bulletins 

Based on the feedback from the stakeholder workshop and previous research (Sandri et al. 2012), 
a set of criteria can be established to assist with the selection of an appropriate approach. For the 
hazard assessment component, there is a need for the selected approach to consider: 

• A short-term volcanic hazard assessment, with the ability for this to be updated based on 
monitoring data to track changes in the eruption probability 

• A spatial probability assessment of vent location. Given the AVF is monogenetic, the vent 
location is a key component when assessing the hazard, so there needs to be the ability to 
assess and update the likely vent location. 

• The base-surge hazard spatial extent likelihood, given this is critical for life safety 

4.1 Hazard Tool Selection 

It is considered that a pre-existing hazard assessment tool would support the ongoing 
maintenance of any developed decision-support model, allowing new data to be incorporated as 
it becomes available. According to the quantitative hazard assessment selection framework 
(Figure 3.1), the only pre-developed application suitable for a short-term probabilistic hazard 
assessment that can assess both magmatic eruption probability and spatial vent likelihood is 
BET_EF. ST_HASSET is another pre-developed application that assesses short-term magmatic 
eruption temporal probabilities but has the ability to incorporate output from QVAST to include an 
assessment of vent likelihood. Due to this, both BET_EF and ST_HASSET are options for 
assessing the short-term eruption probability for the AVF. We are now in a position to further 
investigate the relative advantages of each, along with their functionality and relative usability. 
This is presented in the following sub-sections. 

4.1.1 Review of Hazard Model Options 

The methodology of this review is to assess the two tools identified above by re-creating published 
examples with the appropriate input parameters for each. The BET_EF and ST_HASSET models 
were verified using previous published examples from the AVF (Lindsay et al. 2010) and 1991 
Pinatubo model (Bartolini et al. 2016) respectively. As the purpose of this review is to identify an 
approach for the AVF, ST_HASSET was additionally tested using the same Exercise Ruaumoko 
injects from Lindsay et al. (2010). For each tool, the model is set up based on the parameters 
described in the respective example with implementations and outputs validated against those 
described. Given that ST_HASSET cannot assess spatial vent likelihood, the assessment up to 
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the eruption probability stage only is reviewed for output consistency (Node 3 in the BET_EF). To 
assess the ease of set-up and implementation for each of the tools, a set time limit of 24 hours 
(non-continuous) was allocated to install and set up each of the models.  

The BET_EF application has now amalgamated with the BET_UNREST framework, available 
as the PyBetUnrest application on VHub, or executed locally using source code available in the 
Python programming language. For this review, to allow for local execution and testing, the 
source code was requested from the author of the paper first presenting PyBetUnrest 
(Tonini et al. 2016). The PyBetUnrest code was accompanied by clear documentation on how 
to run the code as well as requirements for each of the major three operating systems. Installing 
the required libraries took less than one hour on a MacOSX environment. The input files were 
configured based on the presented parameters in Table 2 and supporting text in Lindsay et al. 
(2010). In PyBETUnrest, the parameters a and b which govern the increase in probability with 
number of monitoring signals are no longer Bayesian as in the original BET_EF application, but 
are set deterministically. Upon further review of the BET_EF process, the a and b parameters 
are calculated using Bayesian inference for each node, based on past monitoring data, where 
it exists (Marzocchi et al. 2008). This shows there is a difference in the implementation of the 
BET_EF framework between the original BET_EF application and PyBETUnrest with respect to 
how monitoring data changes affect the change in probabilities at each node. Furthermore, only 
one set of values for a and b are used for all nodes, unlike in BET_EF, where each node has 
its own parameters. As part of PyBETUnrest, the a and b parameters are set at 0.1 and 0.5 
respectively (compared to U(0.5,1) and U(0,2) prior distributions in the original BET_EF 
application) as it is thought this would emulate the original BET_EF application (R. Tonini, 
personal communications, 6 March 2020). Together, these mean that, particularly in a setting 
where there is no data on past monitored episodes, the variability in the estimated probabilities 
is greatly decreased, and the mean also changes. In settings where monitoring data is available, 
the differences at different nodes would be suppressed, and prior information from previous 
monitored unrest episodes is ignored.  

The outputs from running the configured input files using PyBetUnrest are compared with the 
output results reported in Table 4 in Lindsay et al. (2010) and are presented below in Table 4.1 
and Figure 4.2. There are considerable differences in the output, and as such BET_EF2.1, an 
installable version of the BET_EF application that was previously available on VHub, was used 
to test if it was an input data or application difference producing the different outputs. As shown, 
the outputs calculated from the BET_EF2.1 application verification test align with that produced 
in the original study.  

ST_HASSET was shared as a Virtual Box Ubuntu Linux environment with the QGIS plugin already 
installed, along with the dataset used to model the 1991 Pinatubo eruption (J. Martí, personal 
communication, 23 November 2019). However, we were also informed that the provided version 
of the application was in the process of being updated. The version provided did not appear to be 
the same as that presented in Bartolini et al. (2016). There was no Unrest Indicator tab which is 
described for inputting a range of variation that the user considers meaningful to confirm a change 
in the volcanic system for each monitoring indicator Bartolini et al. (2016).  
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Table 4.1 Summary of BET_EF output for nodes 2 and 3 from Lindsay et al. (2010) and the verification presented 
in this study. Probabilities shown are averages with the median in brackets.  

Date 
during the 
exercise 

Lindsay et al. (2010)  PyBETUnrest verification  BETEF2.1 verification 
Node 2: 
Magma 

Node 3: 
Eruption 

Node 2: 
Magma 

Node 3: 
Eruption 

Node 2: 
Magma 

Node 3: 
Eruption 

6 Nov 83% (99%) 25% (15%) 78% (86%) 7% (1%) 87% (>99%) 24% (12%) 

9 Dec 
0.1% 

(0.07%) 
0.05% 

(0.03%) 
0.09% 

(0.05%) 
0.05%  

(0.02%) 
0.1% 

(0.05%) 
0.05% 

(0.02%) 

1 Mar 86% (99%) 23% (12%) 72% (79%) 7% (1%) 84% (99%) 23% (13%) 

2 Mar 88% (>99%) 26% (16%) 80% (89%) 7% (1%) 89% (>99%) 26% (17%) 

3 Mar 87% (>99%) 24% (14%) 80% (89%) 8% (1%) 88% (>99%) 25% (14%) 

4 Mar 88% (>99%) 24% (14%) 80% (90%) 8% (1%) 89% (>99%) 25% (13%) 

5 Mar 88% (>99%) 24% (14%) 80% (89%) 8% (1%) 88% (>99%) 25% (13%) 

6 Mar 87% (>99%) 24% (14%) 80% (90%) 8% (1%) 88% (>99%) 25% (14%) 

7 Mar 87% (>99%) 24% (14%) 80% (90%) 8% (1%) 88% (>99%) 25% (14%) 

8 Mar 87% (>99%) 25% (16%) 80% (90%) 8% (1%) 88% (>99%) 25% (15%) 

9 Mar 88% (>99%) 25% (16%) 80% (91%) 8% (1%) 88% (>99%) 25% (16%) 

10 Mar 88% (>99%) 27% (18%) 80% (89%) 8% (1%) 88% (>99%) 28% (17%) 

11 Mar 89% (>99%) 54% (56%) 80% (90%) 8% (1%) 88% (>99%) 54% (50%) 

12 Mar 92% (>99%) 77% (91%) 97% (>99%) 65% (69%) 95% (>99%) 78% (94%) 

13 Mar AM 94% (>99%) 82% (98%) 97% (>99%) 85% (95%) 95% (>99%) 88% (>99%) 

13 Mar PM 95% (>99%) 87% (>99%) 97% (>99%) 90% (98%) 95% (>99%) 90% (>99%) 

14 Mar AM 96% (>99%) 90% (>99%) 97% (>99%) 90% (98%) 95% (>99%) 90% (>99%) 
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Figure 4.2 Graph showing the differences in average probability for Nodes 2 and 3 from Lindsay et al. (2010) and 

the validation tests using PyBETUnrest and BETEF2.1 from this study.  

The ST_HASSET application was tested by running the model and applying the same inputs 
presented in Table 1 in Bartolini et al. (2016). By considering only these inputs, ST_HASSET only 
uses unrest parameter changes to assess the short-term eruption likelihood. The past data and 
vent location model, which uses HASSET and QVAST respectively, was not input as it is unknown 
based on the information presented in Bartolini et al. (2016). This approach is considered 
adequate to verify ST_HASSET functionality. The output from this test shows the evolution of 
unrest indicator (Figure 4.3) and short-term eruption likelihood (Figure 4.4) for the eruptive 
sequence did not align with that presented in Bartolini et al. (2016). However, the eruption 
probability changes determined from the unrest indicators did follow the trend presented but 
varied at a maximum by 5% from that presented in Bartolini et al. (2016). The reason for the 
differences could be an error with the inputs or potentially the inability to change inputs in the 
Unrest Indicator tab that was not available in this version of the tool. The values can be changed 
on input, but for the purposes of testing, this was not carried out. 
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Figure 4.3 The comparison of outputs for short indicators from A) to the original analysis by Bartolini et al. (2016) 

and B) this study.  
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Figure 4.4 The comparison of outputs for unrest indicators from A) to the original analysis by Bartolini et al. (2016) 

and B) this study.  

As a further test, ST_HASSET was applied with the same injects from Exercise Ruaumoko as 
those used in the BET_EF application by Lindsay et al. (2010). Given there are differences in 
approaches for inputting data, judgement was applied to derive the input for the unrest indicators 
(Table 4 2). The trend in short-term eruption probability provided by ST_HASSET for the 
Exercise Ruaumoko scenario does not align with the trends in eruption probability generated 
either via BET_EF or the scientific opinion during Exercise Ruaumoko (Figure 4.5). For example, 
on the 12th March (Bulletin 12), ST_HASSET produces a probability of eruption based on 
seismicity of 0.5, whereas BET_EF outputs an average absolute eruption probability of 0.78. It is 
proposed that this is due to the different design philosophy for each approach, where in 
ST_HASSET output probabilities of eruption are derived from comparing bulletin-to-bulletin 
changes in observations, whereas the BET_EF outputs 30-day average for eruption probabilities. 
Another reason is likely due to the fact that prior data is not considered in ST_HASSET without 
additional model development.
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Table 4.2 Input data used to assess ST_HASSET for the AVF. Input parameters are based on judgement from the 
injects from Table 4 in Lindsay et al. (2010). 

Unrest indicator 
All dates are from March 2008 from Exercise Ruaumoko 

1 2 3 4 5 6 7 8 9 10 11 12 13 
AM 

13 
PM 

14 
AM 

Seismic rate increase Y Y Y Y Y Y N Y Y Y Y Y Y Y Y 

RSAM trend acceleration na na na na na na na na na na na na na na na 

Accumulated Energy 
released rate increase 

na na na na na na na na na na na na na na na 

Lateral migration of 
seismicity 

N N N N N N N N N N N N N N N 

Vertical ascent of 
seismicity 

Y N N N N N N Y Y Y Y Y Y Y Y 

Deep seismicity Y Y Y Y Y Y N Y Y Y Y Y N N N 

Shallow seismicity N N N N N N N N N N Y Y Y Y Y 

VT events N N N N N N N Y Y Y Y Y Y Y Y 

LP events Y Y Y Y Y Y N na na na na na na na na 

Tremor signal N N N N N N N N N N N N N Y Y 

Hybrid events na na na na na na na na na na na na na na na 

Overall seismicity increase Y Y Y Y Y Y N Y Y Y Y Y Y Y Y 

Gas flux increase na na na na na na na na na na na na na na na 

H2O increase na na na na na na na na na na na na na na na 

CO2 increase N N N N N N N N N N N Y Y na na 

SO2 increase na na na na na na na na na na na na na na na 

Others na na na na na na na na na na na na na na na 

Fluids temperature 
increase 

na na na na na na na na na na na na na na na 

Overall gas increase N N N N N N N N N N N Y Y na na 

Strain increase na na na na na na na na na na na na na na na 

Inflation rate increase na na na na na na na na na na na na na na na 

Lateral migration na na na na na na na na na na na na na na na 

Vertical migration na na na na na na na na na na na Y Y Y na 

 ∆g/∆h anomaly na na na na na na na na na na na na na na na 

Overall surface 
deformation increase 

na na na na na na na na na na na Y Y Y na 

Fractures N N N N N N N N N N N N N N N 

Phreatic explosions N N N N N N N N N N N N N N N 

Juvenile magma N N N N N N N Y Y Y Y Y Y Y Y 

Other changes N N N N N N N Y Y Y Y Y Y Y Y 
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Figure 4.5 The evolution of the probability of a magmatic eruption based on the four different combinations of unrest 

indicators output from ST_HASSET for the AVF using the injects for Exercise Ruaumoko.  

This review revealed some key differences between the tools. These can be characterised as 
either related to functionality, based on how changes in observation data translate into eruption 
probability, or usability of the application, which includes familiarity related to previous 
experiences by New Zealand scientists and applications to New Zealand volcanoes (Table 4.3).  

An example of difference in functionality is the difference in how BET_EF and ST_HASSET 
assess changes in eruption and pre-eruption unrest probabilities through the input data. BET_EF 
and PyBETUnrest tool have defined rules for assessing changes in unrest, which can be 
established prior to an event, and as the model is being run, the number of events e.g. number 
of long period (LP) earthquakes is input and the probabilities updated accordingly. In contrast, 
unrest data is input in ST_HASSET as a Y/N/na, based on whether the user judges there to be 
significant variation with respect to the previous report or bulletin. This may introduce subjective 
bias by the user, as it is determined by judgement, which during a crisis the decision-making 
process could be compromised. Additionally, the BET_EF tool allows for two thresholds for 
parameters to be input, where the lower bound characterises a ‘potential’ anomaly and the upper 
threshold for a ‘certain’ anomaly, with fuzzy logic applied to assess if the input data falls between 
the two. Another functional difference is how BET_EF uses a time defined window (e.g. 1 month) 
for assessing probability change, whereas ST_HASSET reports the change in probability to the 
next bulletin. One potential limitation with the ST_HASSET approach is that bulletins could be 
issued with varying frequency, affecting the output eruption probability and subsequently resulting 
in issues communicating the likelihood. 

Regarding usability, ST_HASSET had a more straightforward process for data input, as there is 
a graphical user-interface. Additionally, ST_HASSET provides inbuilt graphs to see how unrest 
has progressed across the sequence. To do this in BET_EF using the PyBetUnrest tool, the user 
would have to copy the output manually as there is no export data option. One advantage of the 
PyBetUnrest is that it can incorporate past eruption data, monitoring data and spatial uncertainty 
to assess eruption likelihood in one tool. To conduct the same temporal and spatial analysis, 
HASSET and QVAST would have to be used to support ST_HASSET.   
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Table 4.3 Summary of the findings of the comparison between BET_EF and ST_HASSET. 

Descriptor BET_EF ST_HASSET 

Input data method Pre-defined thresholds where only 
the absolute value is input. Fuzzy 
logic implemented between two 
thresholds 

Subjective Y/N/na for the change 
in the unrest indicator 

Model user-input usability Input data via text files User-interface in a QGIS plugin 

Model output presentation Provides a summary of conditional 
and absolute probability for unrest, 
magmatic unrest and eruption 
probability 

Allows for the direct comparison 
across the bulletin records within 
the application for changes to 
unrest indicators and eruption 
probability 

Model purpose Long-term (homogenous), short-
term and vent location using 
monitoring data 

Short-term only, requires 
HASSET for prior data and 
QVAST for vent location 

Published examples by groups 
beyond the immediate 
development team 

Yes No  

Applied to a New Zealand volcano Yes No 

Applied to the AVF Yes No 

Experience in New Zealand 
implementing the tool 

Yes Unknown 

Based on the review and the advantages of each, it is proposed for this AVF case-study that the 
BET suite is selected. Given that identifying the eruption location is a key factor for an AVF 
eruption, the BET is advantageous as it can assess both vent likelihood as well as the eruption 
probability. The BET suite has also been applied to assess the AVF eruption hazards in previous 
studies (Lindsay et al. 2010; Sandri et al. 2012). However, given the issues discussed above 
regarding how the ‘off the shelf’ version of PyBETUnrest evaluates the probability of change of 
volcanic behaviour using monitoring data, either the older BET_EF2.1 application will have to be 
used, or the PyBETUnrest code will require modification to reproduce the original BET_EF 
framework, as documented by Marzocchi et al. (2008).  
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4.2 Selection of Exposure, Vulnerability, Impact and Decision-Support 
Assessment Approaches  

In Auckland, there is high quality and ample exposure data for population, infrastructure and 
the built environment, which allows the use of more sophisticated vulnerability assessment 
types. For the exposure inventory and its use within the overall risk assessment, there needs 
to be consideration for the resolution of the exposure data to ensure the output is appropriate 
for the purpose. An example of this is in the event of an AVF evacuation, population information 
on a city level scale is insufficient, as it is considered only part of the city will need to relocate. 
Tomsen et al. (2014) provides an example of using available exposure data in Auckland and 
presents an approach for estimating the ease of evacuation based on diurnal population 
movements and transportation routes. To assess the direct risk to loss of life, approximation of 
the population exposure can be estimated based on hazard footprints. However, when 
considering the secondary non-fatal risk to the population from loss of critical infrastructure 
(e.g. loss of power supply) or geographic isolation, the hazard layer can be overlaid with the 
exposure asset data in GIS and combined with appropriate vulnerability functions to assess the 
probability of risk (Wild et al. 2019b).  

In our example of evacuation leading up to an AVF eruption, a decision-support component is 
desired. The static CBA approach has been applied previously for the AVF volcanic hazard 
assessment to determine when to evacuate (Sandri et al. 2012). However, in Sandri et al. (2012), 
the evacuation threshold was exceeded at the onset of unrest; a clearly inappropriate time to 
evacuate, given the vent location was unknown at that stage and evacuation would have been 
impossible. As Auckland has a large population and a geographically complex environment, there 
is high motivation to reduce the occurrence of false alarms or unnecessarily early evacuations as 
these are likely to cause economic impacts at a national level. (Bebbington and Zitikis 2016) is 
beneficial for crisis decision-support given it reduces the risk of the probability being reached with 
insufficient time to evacuate. For this reason, we choose the dynamic CBA approach for the AVF 
eruption decision-support context. 

To summarise, for an AVF evacuation decision during a crisis it is proposed that a modular 
approach is best, combining the BET suite hazard assessment tool with a comprehensive 
exposure inventory, making use of the best available vulnerability approaches combined to 
assess risk, and a dynamic CBA approach to provide evacuation decision-support. 
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5.0 DISCUSSION AND CONCLUSION 

This report provides an introduction to the various quantitative methodologies, tools, and models 
that can be used for conducting volcanic risk assessments. The development and application of 
quantitative volcanic hazard and risk models has the potential to support volcanic risk 
management, especially in times of crisis. Some advantages of quantitative volcanic risk 
assessment approaches are:  

• They can be pre-developed with established thresholds and reviewed before an event using 
the best science available and updated in ‘peace’ time when new data or research is 
available 

• They remove some of the stress put on scientists and decision-makers to instantly interpret 
incoming data during a crisis 

• They reduce some of the subjective bias from scientists and decision-makers  

• They allow for incorporation of CBA for decision-makers 

• They allow for mitigation options to be pre-assessed before and during crises 

• They can facilitate risk communication efforts, such as providing data for hazard maps  

Our report found that the majority of available tools focus on assessing the volcanic hazard, rather 
than the risk, likely related to the focus to date on forecasting timing and location of eruptions 
(Sparks 2003). Nevertheless, there is a variety of quantitative methods for assessing hazard, 
exposure, vulnerability and risk, which can make it difficult to select an appropriate methodology. 
Factors to consider include the relative benefits of each approach as well as the assessment 
purpose, e.g. short- vs. long-term, and risk to life vs. strategic infrastructure planning. Selection 
for a method is context dependent, as illustrated by our example of selecting an approach suitable 
for evacuation decision-support in the event of unrest in the AVF. 

As demonstrated in this report, the individual elements for assessing hazard, exposure, 
vulnerability and risk can be combined into a single framework using quantitative approaches to 
support decision-makers looking to identify where and when to call an evacuation at signs of 
unrest in the AVF. For the hazard assessment approach, selection of an appropriate method was 
based primarily on the requirements revealed during a stakeholder workshop. The presented 
selection criteria then revealed that the BET_EF or ST_HASSET models were most appropriate. 
After a detailed comparison and test implementation with the BET_EF and ST_HASSET tools, 
BET_EF was identified as the most appropriate approach to apply to the AVF. This was based 
on model performance recreating previously published test cases and AVF specific datasets, as 
well as consideration of user experience with both models within New Zealand and whether the 
codes had been previously applied to the AVF or other New Zealand volcanoes. However, the 
pre-existing BET_EF from Lindsay et al. (2010) requires updating with recent research for the 
AVF (e.g. Bebbington 2015; Leonard et al. 2017; Ang et al. 2020; Hopkins et al. 2020). 
Alternate non-predeveloped tools could be considered such as BBN, which has been applied in 
New Zealand (e.g. Whakaari/White Island; Christophersen et al. 2018). However, BBN is more 
complicated to develop and there have been no examples incorporating evaluating vent location 
likelihood, a critical component for any future AVF quantitative hazard model. It is of importance 
to state that this selection is for a specific context, and not necessarily the definitive best tool or 
approach for all volcanoes and for other purposes. However, it is worth noting that one of the 
great strengths of BET_EF is that is an ‘off-the-shelf’ solution, hence is robust and transferable 
for many volcanic contexts. 
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Understanding exposure and vulnerability is just as important as understanding the hazard in 
order to support risk management. When there is a detailed exposure assessment, it allows for a 
more sophisticated vulnerability assessment to model impact and risk. As part of the AVF 
evacuation decision-support model, there is a need to consider population exposure, but also 
access to vehicles and mobility impaired members of the community at a high-resolution suburb 
level. This is as stakeholders have expressed that an evacuation call is likely made on a suburb 
level, rather than a citywide evacuation in a future AVF event. As presented, the dynamic CBA 
approach from Bebbington and Zitikis (2016) is more appropriate than the static approach as it 
allows for the time to evacuate to be incorporated.  

This report provides a framework to select the components of hazard, exposure and vulnerability 
to assess volcanic risk. The selection framework presented in this report aims to support any 
geoscientist with the selection of an approach to use when developing a quantitative volcanic 
hazard and risk model. The framework was applied as part this study to the AVF evacuation 
decision context with suitable models identified. BET_EF and ST_HASSET were identified as 
suitable pre-existing short-term eruption probability models for assessing the eruption probability. 
However, following further analysis using two case-studies and building on the previous work in 
the AVF, BET_EF was selected. A BET_EF model for the AVF will be used in conjunction with 
dynamic cost-benefit analysis to support ongoing research by the first author to develop a 
framework for providing evacuation decision-support for the AVF. 
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