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Executive summary

The surface water and groundwater modelling provides key information for bioregional
assessments (BAs), including estimates of the future hydrological regime within the subregion or
bioregion, and, in particular, those aspects of the regime subject to hydrological changes due to
coal resource development. The robust and comprehensive characterisation of the uncertainty in
those models is critical to BA as it underpins the assessment of risk and the likelihood that specific
hydrological changes or impacts might occur.

This submethodology gives an overview of the uncertainty analysis and general methods for its
implementation in a BA, noting that they may need to be customised for each specific BA. While
highlighting linkages with other BA products and submethodologies, this submethodology focuses
on the propagation of uncertainty through the chain of numerical models to assess the impact of
coal resource development on water and water-dependent assets. The receptor impact modelling
submethodology M08 (as listed in Table 1) characterises uncertainty in the system’s responses to
those hydrological changes.

At the core of this submethodology is the structured characterisation of uncertainty through
probability distribution functions, based on measurement data or from expert elicitation. This
concentrates in particular on model parameter uncertainty (e.g. hydraulic conductivities of
individual model layers or recharge rates) but might also examine other important assumptions
such as the presence of unknown subsurface faults or water management rules as appropriate to
specific subregions or bioregions. Any aspect of the model that cannot be included in the formal
uncertainty analysis (such as discrete choices and model assumptions) will not only be
documented, but will also be submitted to a pedigree analysis to assess the quality of the model
choice and the potential impact on the prediction. The pivotal aspect of a pedigree analysis is the
analysis of the implications and influence of the model assumptions. The main benefit is that it
provides a structured way of thinking about and analysing model assumptions which can help in
the open and transparent communication of model uncertainty.

This submethodology is structured around a compartmentalisation of the model chain followed by
a comprehensive sensitivity analysis to identify the factors that most influence the model
prediction of specific hydrological response variables at receptor locations. The subset of factors
the prediction is sensitive to will subsequently be used in the uncertainty analysis which
propagates the uncertainty in the input factors to the prediction using a Monte Carlo approach. In
the event that relevant observational data are available, these will be integrated in the process to
constrain the probability distribution of the prediction. In order to keep the computational load
manageable and the submethodology amenable to automation, the uncertainty analysis will be
carried out with model emulators. The resulting probability distribution functions of the impacts
on the hydrological response variables will provide a starting point for the receptor impact
modelling.
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Examples of the outputs of the sensitivity and uncertainty analysis are included in
submethodologies M06 and MO07 (as listed in Table 1). Results from the uncertainty analysis are
reported in 2.6.1 (surface water numerical modelling) and product 2.6.2 (groundwater numerical
modelling) for each Assessment.
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Introduction

The Independent Expert Scientific Committee on Coal Seam Gas and Large Coal Mining
Development (IESC) was established to provide advice to the federal Minister for the Environment
on potential water-related impacts of coal seam gas (CSG) and large coal mining developments
(IESC, 2015).

Bioregional assessments (BAs) are one of the key mechanisms to assist the IESC in developing this
advice so that it is based on best available science and independent expert knowledge.
Importantly, technical products from BAs are also expected to be made available to the public,
providing the opportunity for all other interested parties, including government regulators,
industry, community and the general public, to draw from a single set of accessible information. A
BA is a scientific analysis, providing a baseline level of information on the ecology, hydrology,
geology and hydrogeology of a bioregion with explicit assessment of the potential impacts of CSG
and coal mining development on water resources.

The IESC has been involved in the development of Methodology for bioregional assessments of the
impacts of coal seam gas and coal mining development on water resources (the BA methodology;
Barrett et al., 2013) and has endorsed it. The BA methodology specifies how BAs should be
undertaken. Broadly, a BA comprises five components of activity, as illustrated in Figure 1. Each BA
will be different, due in part to regional differences, but also in response to the availability of data,
information and fit-for-purpose models. Where differences occur, these are recorded, judgments
exercised on what can be achieved, and an explicit record is made of the confidence in the
scientific advice produced from the BA.

The Bioregional Assessment Programme

The Bioregional Assessment Programme is a collaboration between the Department of the
Environment and Energy, the Bureau of Meteorology, CSIRO and Geoscience Australia. Other
technical expertise, such as from state governments or universities, is also drawn on as required.
For example, natural resource management groups and catchment management authorities
identify assets that the community values by providing the list of water-dependent assets, a key
input.

The Technical Programme, part of the Bioregional Assessment Programme, will undertake BAs for
the following bioregions and subregions (see
http://www.bioregionalassessments.gov.au/assessments for a map and further information):

o the Galilee, Cooper, Pedirka and Arckaringa subregions, within the Lake Eyre Basin bioregion

e the Maranoa-Balonne-Condamine, Gwydir, Namoi and Central West subregions, within the
Northern Inland Catchments bioregion

e the Clarence-Moreton bioregion

e the Hunter and Gloucester subregions, within the Northern Sydney Basin bioregion
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e the Sydney Basin bioregion
e the Gippsland Basin bioregion.

Technical products (described in a later section) will progressively be delivered throughout the
Programme.

Component 5: Outcome synthesis

112//3||4

U1

Water-
dependent
asset
register

ngslﬂa.l eied

Existing
data

Risk
treatment

ata from monitorin9

Knowledge

Risk

\ Communications
evaluation

Risk
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Figure 1 Schematic diagram of the bioregional assessment methodology

The methodology comprises five components, each delivering information into the bioregional assessment and building on prior
components, thereby contributing to the accumulation of scientific knowledge. The small grey circles indicate activities external to
the bioregional assessment. Risk identification and risk likelihoods are conducted within a bioregional assessment (as part of

Component 4) and may contribute to activities undertaken externally, such as risk evaluation, risk assessment and risk treatment.
Source: Figure 1 in Barrett et al. (2013), © Commonwealth of Australia
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Methodologies

The overall scientific and intellectual basis of the BAs is provided in the BA methodology (Barrett
et al., 2013). Additional guidance is required, however, about how to apply the BA methodology to
a range of subregions and bioregions. To this end, the teams undertaking the BAs have developed
and documented detailed scientific submethodologies (Table 1) to, in the first instance, support
the consistency of their work across the BAs and, secondly, to open the approach to scrutiny,
criticism and improvement through review and publication. In some instances, methodologies
applied in a particular BA may differ from what is documented in the submethodologies — in this
case an explanation will be supplied in the technical products of that BA. Ultimately the
Programme anticipates publishing a consolidated 'operational BA methodology' with fully worked
examples based on the experience and lessons learned through applying the methods to

13 bioregions and subregions.

The relationship of the submethodologies to BA components and technical products is illustrated
in Figure 2. While much scientific attention is given to assembling and transforming information,
particularly through the development of the numerical, conceptual and receptor impact models,
integration of the overall assessment is critical to achieving the aim of the BAs. To this end, each
submethodology explains how it is related to other submethodologies and what inputs and
outputs are required. They also define the technical products and provide guidance on the content
to be included. When this full suite of submethodologies is implemented, a BA will result in a
substantial body of collated and integrated information for a subregion or bioregion, including
new information about the potential impacts of coal resource development on water and water-
dependent assets.

About this submethodology
The following notes are relevant only for this submethodology.

e All reasonable efforts were made to provide all material under a Creative Commons
Attribution 3.0 Australia Licence. The copyright owners of the following figures, however, did
not grant permission to do so: Figure 9, Figure 12. It should be assumed that third parties are
not entitled to use this material without permission from the copyright owner.

e Visit http://bioregionalassessments.gov.au to access metadata (including copyright,
attribution and licensing information) for datasets cited or used to make figures in this
product.

¢ In addition, the datasets are published online if they are unencumbered (able to be
published according to conditions in the licence or any applicable legislation). The Bureau of
Meteorology archives a copy of all datasets used in the BAs. This archive includes datasets
that are too large to be stored online and datasets that are encumbered. The community can
request a copy of these archived data at http://www.bioregionalassessments.gov.au.
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e The citation details of datasets are correct to the best of the knowledge of the Bioregional
Assessment Programme at the publication date of this submethodology. Readers should use
the hyperlinks provided to access the most up-to-date information about these data; where
there are discrepancies, the information provided online should be considered correct. The
dates used to identify Bioregional Assessment Source Datasets are the dataset’s created
date. Where a created date is not available, the publication date or last updated date is
used.

Table 1 Methodologies

Each submethodology is available online at http://data.bioregionalassessments.gov.au/submethodology/XXX, where ‘XXX’ is
replaced by the code in the first column. For example, the BA methodology is available at
http://data.bioregionalassessments.gov.au/submethodology/bioregional-assessment-methodology and submethodology M02 is
available at http://data.bioregionalassessments.gov.au/submethodology/M02. Submethodologies might be added in the future.

Code Proposed title Summary of content

bioregional- Methodology for bioregional A high-level description of the scientific and intellectual
assessment- assessments of the impacts of coal  basis for a consistent approach to all bioregional
methodology seam gas and coal mining assessments

development on water resources

M02 Compiling water-dependent assets Describes the approach for determining water-dependent
assets
MO03 Assigning receptors to water- Describes the approach for determining receptors
dependent assets associated with water-dependent assets
MO04 Developing a coal resource Specifies the information that needs to be collected and
development pathway reported about known coal and coal seam gas resources as

well as current and potential resource developments

MO05 Developing the conceptual model  Describes the development of the conceptual model of
of causal pathways causal pathways, which summarises how the ‘system’
operates and articulates the potential links between coal
resource development and changes to surface water or

groundwater
MO06 Surface water modelling Describes the approach taken for surface water modelling
MO07 Groundwater modelling Describes the approach taken for groundwater modelling
M08 Receptor impact modelling Describes how to develop receptor impact models for

assessing potential impact to assets due to hydrological
changes that might arise from coal resource development

M09 Propagating uncertainty through Describes the approach to sensitivity analysis and
models quantification of uncertainty in the modelled hydrological
changes that might occur in response to coal resource
development

M10 Impacts and risks Describes the logical basis for analysing impact and risk
M11 Systematic analysis of water- Describes the process to identify potential water-related
related hazards associated with hazards from coal resource development

coal resource development
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Figure 2 Technical products and submethodologies associated with each component of a bioregional assessment

In each component (Figure 1) of a bioregional assessment (BA), a number of technical products (coloured boxes, see also Table 2)
are potentially created, depending on the availability of data and models. The light grey boxes indicate submethodologies (Table 1)
that specify the approach used for each technical product. The red outline indicates this submethodology. The BA methodology
(Barrett et al., 2013) specifies the overall approach.

Technical products

The outputs of the BAs include a suite of technical products presenting information about the
ecology, hydrology, hydrogeology and geology of a subregion or bioregion and the potential
impacts of CSG and coal mining developments on water resources, both above and below ground.
Importantly, these technical products are available to the public, providing the opportunity for all
interested parties, including community, industry and government regulators, to draw from a
single set of accessible information when considering CSG and large coal mining developments in a
particular area.

The BA methodology specifies the information to be included in technical products. Figure 2 shows
the relationship of the technical products to BA components and submethodologies. Table 2 lists
the content provided in the technical products, with cross-references to the part of the BA
methodology that specifies it.
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Technical products are delivered as reports (PDFs). Additional material is also provided, as
specified by the BA methodology:

e unencumbered data syntheses and databases
e unencumbered tools, model code, procedures, routines and algorithms
e unencumbered forcing, boundary condition, parameter and initial condition datasets
e lineage of datasets (the origin of datasets and how they are changed as the BA progresses)
e gaps in data and modelling capability.
In this context, unencumbered material is material that can be published according to conditions

in the licences or any applicable legislation. All reasonable efforts were made to provide all
material under a Creative Commons Attribution 3.0 Australia Licence.

Technical products, and the additional material, are available online at
http://www.bioregionalassessments.gov.au.

The Bureau of Meteorology archives a copy of all datasets used in the BAs. This archive includes
datasets that are too large to be stored online and datasets that are encumbered. The community
can request a copy of these archived data at http://www.bioregionalassessments.gov.au.
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Table 2 Technical products delivered by the Bioregional Assessment Programme

For each subregion or bioregion in a bioregional assessment (BA), technical products are delivered online at
http://www.bioregionalassessments.gov.au. Other products — such as datasets, metadata, data visualisation and factsheets — are
also provided online. There is no product 1.4; originally this product was going to describe the receptor register and application of
landscape classes as per Section 3.5 of the BA methodology, but this information is now included in product 2.3 (conceptual
modelling) and used in products 2.6.1 (surface water modelling) and 2.6.2 (groundwater modelling). There is no product 2.4;
originally this product was going to include two- and three-dimensional representations as per Section 4.2 of the BA methodology,
but these are instead included in products such as product 2.3 (conceptual modelling), product 2.6.1 (surface water numerical
modelling) and product 2.6.2 (groundwater numerical modelling).

Section in the BA
methodology®

Component Title

Context statement 2.5.1.1,3.2

Coal and coal seam gas resource assessment 2.5.1.2,3.3
Component 1: Contextual

information for the subregion or

Description of the water-dependent asset register |2.5.1.3, 3.4

bioregion
Current water accounts and water quality 2.5.1.5
Data register 2.5.1.6
F)bservatu:ms analysis, statistical analysis and 25212522
interpolation
Conceptual modelling 2.5.2.3,4.3
Component 2: Model-data
analysis for the subregion or Water balance assessment 2524
bioregion Surface water numerical modelling 4.4
Groundwater numerical modelling 4.4
Receptor impact modelling 2.5.2.6,4.5

Component 3 and Component 4:
Impact and risk analysis for the
subregion or bioregion

Component 5: Outcome
synthesis for the bioregion

Impact and risk analysis

5.2.1,254,53

Outcome synthesis

2.5.5

2aMethodology for bioregional assessments of the impacts of coal seam gas and coal mining development on water resources

(Barrett et al., 2013)
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1 Background and context

A bioregional assessment (BA) is a scientific analysis, providing a baseline level of information on
the ecology, hydrology, geology and hydrogeology of a bioregion with explicit assessment of the
potential impacts of coal resource development on water and water-dependent assets. The
Methodology for bioregional assessments of the impacts of coal seam gas and coal mining
development on water resources (the BA methodology; Barrett et al., 2013) provides the scientific
and intellectual basis for undertaking BAs. It is further supported by a series of submethodologies
of which this is one. Together, the submethodologies ensure consistency in approach across the
BAs and document how the BA methodology has been implemented. Any deviations from the
approach described in the BA methodology and submethodologies are to be noted in any
technical products based upon its application.

A critical part of the BA is characterising the uncertainty in the results from the groundwater and
surface water models. A robust and comprehensive uncertainty analysis underpins the
understanding of risk and the likelihood that certain changes or impacts may occur. The
uncertainty analysis is deeply integrated with the rest of the BA methodology and processes,
particularly through the groundwater and surface water models, and the receptor impact
modelling which depends on the outputs from those models and uncertainty analyses. This
submethodology applies overarching principles outlined in the BA methodology to the specifics
of quantifying uncertainty in numerical groundwater and surface water models that are reported
in products 2.6.1 (surface water numerical modelling) and 2.6.2 (groundwater numerical
modelling), respectively.

To provide context for this submethodology, Section 1.1 provides an overview of an entire BA
from end to end, and the key concepts and relationships between activities within components.
See Figure 3 for a simple diagram of the BA components. See Figure 4 for a more detailed diagram
of the BA process that includes all the submethodologies, supporting workshops and technical
products.

Establish context and Analyse and transform Assess impacts and risks
assemble information the information

Component 1: Component 2:
Contextual information Model-data analysis

Components 3 and 4:
Impact and risk analysis

Figure 3 The components in a bioregional assessment
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MO04 Coal resource
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Technical products
i resource
development

[ - Workshop from Component 1: Contextual information
- baseline M11 Hazards

SEREL Impact Modes P
\ and Effects rocess from Component 2: Model-data analysis

M09 Uncertainty Analysis
- MO06 SW models
MO7 GW models

Initial groundwater
i and surface water

modelling,
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~ Asset and uncertainty = Il SleizfEls Causal
identification analysis - out of scope pathways

Submethodology from Component 3 and Component 4:
P Impact and risk analysis

Identify and MO8 Impact models
prioritise hazards

MO02 Assets

Receptor
impact
modelling

Risk and impact
communication

Qualitative
modelling

MO5 Conceptual
MO03 Receptors models

Synthesise context Preliminary model Conceptual models Final groundwater
o - ecology, hydrology, outputs | of causal pathways and surface water
geology and - zone of potential - baseline model outputs and
hydrogeology hydrological impact - CRDP uncertainty
- assets - impacted and analysis
- landscape classes unimpacted
landscape classes Economic

M10 Impacts and risks

Qualitative Receptor impact @ /mpact and risk
model of model for analysis for
ecological ecological and - hydrological
impacts for economic impacts changes
landscape for landscape - landscape classes
classes - assets

Ecological

Gaps and
1.1 Context statement 2.3 Conceptual modelling 2.1-2.2 Observations analysis, recom_me_ndatlons
Y ——— statistical analysis and 2.7 Receptor impact modelling SR
.2 Coal and coal seam gas interpolation

resource assessment

1.3 Water-dependent asset 2.6.1 Surface water numerical

register modelling - 3-4 Impact and risk analysis
1.5 Current water accounts 2.6. ZdG;?undwarer numerical
and water quality modelling
1.6 Data register 2.5 Water balance
assessment

Figure 4 A bioregional assessment from end to end, showing the relationship between the workflow, technical products, submethodologies and workshops

CRDP = coal resource development pathway, HRVs = hydrological response variables, RIVs = receptor impact variables
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1 Background and context

1.1 A bioregional assessment from end to end

1.1.1 Component 1: Contextual information

In Component 1: Contextual information, the context for the BA is established and all the relevant
information is assembled. This includes defining the extent of the subregion or bioregion, then
compiling information about its ecology, hydrology, geology and hydrogeology, as well as water-
dependent assets, coal resources and coal resource development.

An asset is an entity having value to the community and, for BA purposes, is associated with a
subregion or bioregion. Technically, an asset is a store of value and may be managed and/or used
to maintain and/or produce further value. Each asset will have many values associated with it and
they can be measured from a range of perspectives; for example, the values of a wetland can be
measured from ecological, sociocultural and economic perspectives.

A bioregion is a geographic land area within which coal seam gas (CSG) and/or coal mining
developments are, or could, take place and for which BAs are conducted. A subregion is an
identified area wholly contained within a bioregion that enables convenient presentation of
outputs of a BA.

A water-dependent asset has a particular meaning for BAs; it is an asset potentially impacted,
either positively or negatively, by changes in the groundwater and/or surface water regime due to
coal resource development. Some assets are solely dependent on incident rainfall and will not be
considered as water dependent if evidence does not support a linkage to groundwater or surface
water.

The water-dependent asset register is a simple and authoritative listing of the assets within the
preliminary assessment extent (PAE) that are potentially subject to water-related impacts. A PAE is
the geographic area associated with a subregion or bioregion in which the potential water-related
impact of coal resource development on assets is assessed. The compiling of the asset register is
the first step to identifying and analysing potentially impacted assets.

Given the potential for very large numbers of assets within a subregion or bioregion, and the many
possible ways that they could interact with the potential impacts, a landscape classification
approach is used to group together areas to reduce complexity. For BA purposes, a landscape class
is an ecosystem with characteristics that are expected to respond similarly to changes in
groundwater and/or surface water due to coal resource development. Note that there is expected
to be less heterogeneity in the response within a landscape class than between landscape classes.
They are present on the landscape across the entire BA subregion or bioregion and their spatial
coverage is exhaustive and non-overlapping. The rule set for defining the landscape classes is
underpinned by an understanding of the ecology, hydrology (both surface water and
groundwater), geology and hydrogeology of the subregion or bioregion.

Most assets can be assigned to one or more landscape classes. Different subregions and
bioregions might use different landscape classes. Conceptually landscape classes can be
considered as types of ecosystem assets, which are ecosystems that may provide benefits to
humanity the landscape classes provide a systematic approach to linking ecosystem and
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1 Background and context

hydrological characteristics with a wide range of BA-defined water-dependent assets including
sociocultural and economic assets. Ecosystems are defined to include human ecosystems, such as
rural and urban ecosystems.

Two potential futures are considered in BAs:

e baseline coal resource development (baseline), a future that includes all coal mines and coal
seam gas (CSG) fields that are commercially producing as of December 2012

e coal resource development pathway (CRDP), a future that includes all coal mines and coal
seam gas (CSG) fields that are in the baseline as well as those that are expected to begin
commercial production after December 2012.

The difference in results between CRDP and baseline is the change that is primarily reported in a
BA. This change id due to the additional coal resource development — all coal mines and coal seam
gas (CSG) fields, including expansions of baseline operations, that are expected to begin
commercial production after December 2012.

Highlighting the potential impacts due to the additional coal resource development, and the
comparison of these futures, is the fundamental focus of a BA, as illustrated in Figure 5, with the
baseline in the top half of the figure and the CRDP in the bottom half of the figure. In BAs, changes
in hydrological response variables and particular receptor impact variables are compared at
receptors (points in the landscape where water-related impacts on assets are assessed).

Hydrological response variables are defined as the hydrological characteristics of the system or
landscape class that potentially change due to coal resource development (for example,
drawdown or the annual streamflow volume). Receptor impact variables are the characteristics

of the system that, according to the conceptual modelling, potentially change due to changes in
hydrological response variables (for example, condition of the breeding habitat for a given species,
or biomass of river red gums). Each landscape class and/or asset may be associated with one or
more hydrological response variables and one or more receptor impact variables.
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Hydrological

response Receptor impact Water-dependent

variables variables assets

X=f(W)

Comparison allows assessment of potential impacts due to additional
coal resource development
|

Hydrological
response Receptor impact Water-dependent
variables variables assets

X*=f(W’) [Y’|X] A

Causal pathway for the coal resource development pathway
Figure 5 The difference in results under the baseline coal resource development (baseline) and coal resource

development pathway (CRDP) provides the potential impacts due to the additional coal resource development
(ACRD)
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(a) Simple case

Causal pathway

Changes to water-
dependent assets

Hydrological changes

Activity Impact Impact

Reduced
groundwater
availability for a
groundwater-
dependent
ecosystem

Dewatering down
to coal seam for
an open-cut mine

Change in
groundwater
pressure

Impact cause

Impact mode
Intentional dewatering
down to coal seam

(b) More complex case

Activity

Corridor or site
vegetation
removal for CSG
operations or
coal mines

Event

Rainfall event

Event

Soil erosion

Impacts

Change in SW
quantity and SW
quality

Stressors

Impact

Change of
condition of
habitat for a

given species

SW flow
TSS

Impact cause Effect

Impact mode
Soil erosion following heavy rainfall

Causal pathway

Figure 6 Hazard analysis using the Impact Modes and Effects Analysis

The italicised text is an example of a specified element in the Impact Modes and Effects Analysis. (a) In the simple case, an activity
related to coal resource development directly causes a hydrological change which in turn causes an ecological change. The hazard is
just the initial activity that directly leads to the effect (change in the quality and/or quantity of surface water or groundwater). (b)

In the more complex case, an activity related to coal resource development initiates a chain of events. This chain of events, along
with the stressor (for example, surface water (SW) flow and total suspended solids (TSS)), causes a hydrological change which in
turn causes an ecological change. The hazard is the initial activity plus the subsequent chain of events that lead to the effect.

The hazards arising from coal resource development are assessed using Impact Modes and Effects
Analysis (IMEA). A hazard is an event, or chain of events, that might result in an effect (change in
the quality and/or quantity of surface water or groundwater). In turn, an impact (consequence) is a
change resulting from prior events, at any stage in a chain of events or a causal pathway (see more
on causal pathways below). An impact might be equivalent to an effect, or it might be a change
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resulting from those effects (for example, ecological changes that result from hydrological
changes).

Using IMEA, the hazards are firstly identified for all the activities (impact causes) and components
in each of the five life-cycle stages. For CSG operations the stages are exploration and appraisal,
construction, production, work-over and decommissioning. For coal mines the stages are
exploration and appraisal, development, production, closure and rehabilitation. The hazards are
scored on the following basis, defined specifically for the purposes of the IMEA:

e severity score: the magnitude of the impact resulting from a hazard, which is scored so that
an increase (or decrease) in score indicates an increase (or decrease) in the magnitude of the
impact

e likelihood score: the annual probability of a hazard occurring, which is scored so that a one-
step increase (or decrease) in score indicates a ten-fold increase (or decrease) in the
probability of occurrence

e detection score: the expected time to discover a hazard, scored in such a way that a one-unit
increase (or decrease) in score indicates a ten-fold increase (or decrease) in the expected
time (measured in days) to discover it.

Impact modes and stressors are identified as they will help to define the causal pathways in
Component 2: Model-data analysis. An impact mode is the manner in which a hazardous chain

of events (initiated by an impact cause) could result in an effect (change in the quality and/or
quantity of surface water or groundwater). There might be multiple impact modes for each
activity or chain of events. A stressor is a chemical or biological agent, environmental condition or
external stimulus that might contribute to an impact mode.

The hazard analysis reflects the conceptual models and beliefs that domain experts hold about the
ways in which coal resource development might impact surface water and groundwater, and the
relative importance of these potential impacts. As a result, the analysis enables these beliefs and
conceptual models to be made transparent.

1.1.2 Component 2: Model-data analysis

Once all of the relevant contextual information about a subregion or bioregion is assembled
(Component 1), the focus of Component 2: Model-data analysis is to analyse and transform the
information in preparation for Component 3: Impact analysis and Component 4: Risk analysis.
The BA methodology is designed to include as much relevant information as possible and retain
as many variables in play until they can be positively ruled out of contention. Further, estimates
of the certainty, or confidence, of the decisions are provided where possible; again to assist the
user of the BA to evaluate the strength of the evidence.

The analysis and transformation in Component 2 depends on a succinct and clear synthesis of the
knowledge and information about each subregion or bioregion; this is achieved and documented
through conceptual models (abstractions or simplifications of reality). A number of conceptual
models are developed for each BA, including regional-scale conceptual models that synthesise the
geology, groundwater and surface water. Conceptual models of causal pathways are developed to
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characterise the causal pathways, the logical chain of events — either planned or unplanned — that
link coal resource development and potential impacts on water resources and water-dependent
assets. The conceptual models of causal pathways brings together a number of other conceptual
models developed in a BA, for both the baseline and the CRDP. The landscape classes and the
hazard analysis are also important inputs to the process. Emphasising gaps and uncertainties is as
important as summarising what is known about how various systems work.

The causal pathways play a critical role in focusing the BA on the impacts and their spatial and
temporal context. They provide a basis for ruling out potential impacts for some combinations of
location and assets; for example, a particular type of wetland might be beyond the reach of any
type of potential impact given the activities and location of the specific coal resource development
in the subregion or bioregion. The causal pathways also underpin the construction of groundwater
and surface water models, and frame how the model results are used to determine the severity
and likelihood of impacts on water and water-dependent assets.

Surface water models and groundwater models are developed and implemented in order to
represent and quantify the hydrological systems and their likely changes in response to coal
resource development (both baseline and CRDP). Surface water models are drawn from the
Australian Water Resources Assessment (AWRA) modelling suite, which includes the landscape
model AWRA-L for streamflow prediction and river systems model AWRA-R for river routing and
management. The latter is only used in a subset of subregions or bioregions and depends on the
nature of the river regulation and the availability of existing streamflow data. The groundwater
modelling is regional, and the choice of model type and coding is specific to a subregion or
bioregion depending on data availability and the characteristics of the coal resource development
in the area.

The hydrological models numerically estimate values for the hydrological response variables which
are further analysed and transformed for the impact analysis. The hydrological response variables
are subjected to sensitivity analysis and uncertainty analysis that test the degree to which each of
the model inputs (parameters) affects the model results. It does this by running the model
thousands of times and varying the values of the input parameters through a precisely defined
and randomised range of values. The most influential parameters identified are taken into an
uncertainty analysis, where more carefully chosen prior distributions for those parameters are
propagated through to model outputs.

The uncertainty framework is quantitative and coherent. The models are developed so that
probabilities can be chained throughout the sequence of modelling to produce results with
interpretable uncertainty bounds. Consistent and explicit spatial and temporal scales are used and
different uncertainties in the analysis are explicitly discussed. The numerical and uncertainty
model results are produced at specific locations known as model nodes. Results can be
subsequently interpolated to other locations, such as landscape classes and/or assets.

The values for the hydrological response variables estimated by the numerical modelling are
critical to assessing the types and severity of the potential impacts on water and water-dependent
assets. This is achieved through a staged receptor impact modelling.
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First, information and estimates are elicited from experts with relevant domain knowledge about
the important ecosystem components, interactions and dependencies, including water
dependency, for specific landscape classes. The experts have complete access to the assembled
BA information, including preliminary results from the hydrological numerical modelling. The
results are qualitative ecosystem models of the landscape classes (or assets) constructed using
signed directed graphs.

Based on these qualitative models, the second stage is producing quantitative receptor impact
models where experts estimate the relationships between meaningful hydrological response
variables and the resulting measurable change in a key characteristic of the landscape class or
asset (i.e. receptor impact variables). For example, a receptor impact model could be elicited for
the relationship between reduced surface water quality and the change in condition of habitat of a
given species (as per Figure 6(b)). As only a small number of receptor impact variables (at least one
and no more than three) will be identified for each potentially impacted landscape class, the
particular receptor impact variables selected for the receptor impact modelling should be
considered to be a measure of a critical ecosystem function (e.g. the base of complex food webs)
and/or be indicative of the response of the ecosystem to hydrological change more broadly.

The receptor impact models are, where available, evaluated for each landscape class; this links the
numerical hydrological modelling results (hydrological changes due to coal resource development)
with ecological changes in water and water-dependent assets of the subregion or bioregion.
Therefore, the output of Component 2 is a suite of information of hydrological and ecological
changes that can be linked to the assets and landscape classes.

1.1.3 Component 3: Impact analysis and Component 4: Risk analysis

Once all of the relevant contextual information about a subregion or bioregion is assembled
(Component 1), and the hydrological and receptor impact modelling is completed (Component 2),
then the impact and risk is analysed in Component 3 and Component 4 (respectively).

These components are undertaken within the context of all of the information available about the
subregion or bioregion and a series of conceptual models that provide the logic and reasoning for
the impact and risk analysis. Coal resource development and potential impacts are sometimes
linked directly to assets (e.g. for water sharing plans); however, more often, the impacts are
assessed for landscape classes which are linked to assets using conceptual models. Impacts for
assets or landscape classes are assessed by aggregating impacts across those assets or landscape
classes.

Results can be reported in a number of ways and for a variety of spatial and temporal scales and
levels of aggregation. While all the information will be provided in order for users to aggregate to
their own scale of interest, BAs report the impact and risk analysis via at least three slices (impact
profiles) through the full suite of information.

Firstly, the hazards and causal pathways that describe the potential impacts from coal resource
development are reported and represented spatially. These speak to the potential hydrological
changes that might occur and might underpin subsequent flow-on impacts that could be
considered outside BA. The emphasis on rigorous uncertainty analyses throughout BA will
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underpin any assessment about the likelihood of those hydrological changes. All hazards identified
through the IMEA should be considered and addressed through modelling, informed narrative,
considerations of scope, or otherwise noted as gaps.

Secondly, the impacts on and risks to landscape classes are reported. These are assessed
guantitatively using receptor impact models, supported by conceptual models at the level of
landscape classes. This analysis provides an aggregation of potential impacts at the level of
landscape classes, and importantly emphasises those landscape classes that are not impacted.

Finally, the impacts on and risks to selected individual water-dependent assets are reported. These
are assessed quantitatively using receptor impact models at assets or landscape classes, supported
by the conceptual models. This analysis provides an aggregation of potential impacts at the level
of assets, and importantly emphasises those assets that are not impacted. Given the large number
of assets, only a few key assets are described in the technical product, but the full suite of
information for all assets is provided on http://www.bioregionalassessments.gov.au. Across

both landscape classes and assets the focus is on reporting impacts and risks for two time periods;
a time related to peak production in that subregion or bioregion, and a time reflecting more
enduring impacts and risk at 2102.

The causal pathways are reported as a series of impact statements for those landscape classes
and assets that are subject to potential hydrological impacts, where there is evidence from the
surface water and groundwater numerical modelling. Where numerical modelling results are
not available, impact statements will be qualitative and rely on informed narrative. If signed
directed graphs of landscape classes are produced, it might be possible to extend impact
statements beyond those related to specific receptor impact variables, to separate direct and
indirect impacts, and to predict the direction, but not magnitude, of change.

In subregions or bioregions without relevant modelled or empirical data, the risk analysis needs
to work within the constraints of the available information and the scale of the analysis while
respecting the aspirations and intent of the BA methodology. This might mean that the
uncertainties are large enough that no well-founded inferences can be drawn — that is, the
hazards and potential impacts cannot be positively ruled in or out.

1.2 Role of this submethodology in a bioregional assessment

This submethodology (M09) is intended to assist those conducting a BA to quantify uncertainty in
the results from the groundwater and surface water models. It has been written to be generally
applicable to all subregions or bioregions. This means that it is pitched at a conceptual level;
specific details of the uncertainty analyses and the outputs from those analyses will be written in
product 2.6.1 (surface water numerical modelling) and product 2.6.2 (groundwater numerical
modelling) for each Assessment. Those products identify areas of a subregion or bioregion where
the hydrological impact of coal resource development are modelled to occur due to changes in
surface water or groundwater. The sensitivity analysis identifies the model parameters that most
affect predicted hydrological response variables, and that therefore need to feature in the
uncertainty analysis. The outputs from the uncertainty analysis play a key role in quantifying the
range of hydrological changes that might occur. This is essential input for the receptor impact
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modelling which assesses how ecological and human-dominated systems (and water-dependent
assets) respond to those potential hydrological changes. Interactions between several activities of
a BA and the sensitivity and uncertainty analysis are depicted in Figure 7.

Geology Hydrogeology

Groundwater
numerical model

Coal resource
development
pathway

Hydrological
response variables

Surface water
numerical model

Climate Hydrology

Figure 7 Process for sensitivity and uncertainty analysis (large blue box) and connections to other bioregional
assessment activities (grey boxes)

Conceptual representation of the physical system, inputs to and from the groundwater and surface water models, and the
sensitivity and uncertainty analysis which considers uncertainties in input parameters and carries them through to hydrological
response variables. Surface water modelling uses the Australian Water Resources Assessment (AWRA) model suite, while the
groundwater model varies between subregions and bioregions.

The uncertainty analysis relies on input from:

e the context statement (product 1.1)

e the coal and coal seam gas resource assessment (product 1.2)
e the hazard analysis (product 2.3)

e the conceptual model of causal pathways (product 2.3)

e surface water modelling (product 2.6.1)

e groundwater modelling (product 2.6.2).
The estimated uncertainty in hydrological response variables is input for:

e surface water modelling (product 2.6.1)
e groundwater modelling (product 2.6.2)

e receptor impact modelling (product 2.7).

Readers should consider this submethodology in the context of the complete suite of
methodologies and submethodologies from the Bioregional Assessment Programme (see Table 1),
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particularly the BA methodology (MO1 as listed in Table 1; Barrett et al., 2013), which remains
the foundation reference that describes, at a high level, how BAs should be undertaken.
Submethodology M09 is most strongly linked to the following submethodologies:

e submethodology MO5 for developing a conceptual model of causal pathways (Henderson
et al., 2016)

e submethodology MO06 for surface water modelling (Viney, 2016)

e submethodology M07 for groundwater modelling (Crosbie et al., 2016)

e submethodology M08 for receptor impact modelling (as listed in Table 1)
e submethodology M10 for impacts and risks (as listed in Table 1)

e submethodology M11 for hazard analysis (Ford et al., 2016).

Any deviation in application of, or refinements to, the BA methodology will be submitted for
approval and recording by the Programme Science Leadership Group (SLG).
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2 Uncertainty analysis

A crucial aspect of the bioregional assessment (BA) methodology is the open and transparent
accounting for uncertainty in the predictions. It is this quantification of uncertainty that will feed
directly into the risk assessment.

Uncertainty analysis has always been an essential part of any scientific research. In recent
decades, however, uncertainty analysis has received increased attention in all disciplines of
environmental research. It is not hard to imagine that various environmental science disciplines
have adopted and adapted different uncertainty analysis techniques in order to address the
key issues relevant to their domain. For example, in geology and hydrogeology emphasis has
traditionally been on characterising the spatial heterogeneity of model parameters, while the
focus in hydrology is more on characterising the uncertainty in time series of inputs and
observations (Gupta et al., 2012).

There are very few studies published in which uncertainty analysis is carried out through a chain
of models from different environmental science disciplines at a scale that is comparable to what
needs to be achieved in the BA. The 2008 performance assessment of the high-level radioactive
waste repository at Yucca Mountain, Nevada, United States is a prime example of a similar
uncertainty analysis exercise. The performance assessment is the culmination of over 30 years of
multidisciplinary research (Helton et al., 2014) and assesses the dose of radioactivity a reasonably
maximally exposed individual would be exposed to after 10° years of nuclear waste disposal at the
Yucca Mountain site. The performance assessment incorporates a complex model chain in which
the uncertainty in 392 physical variables is propagated over a range of scenarios by running the
model chain several hundreds of times for each scenario. The model runs provide a probability
distribution of the dose of radioactivity after 108 years, while post-processing of these enables the
identification of the most influential variables. An example for the baseline scenario can be found
in Hansen et al. (2014).

Bastin et al. (2013) provide a more general overview of managing uncertainty in integrated
environmental models. They argue for probabilistic characterisation of uncertainty as the most
quantitative and objective approach, recognising that this will always entail a level of qualitative
treatment of model structural uncertainty, mostly based on expert judgement. In order for a
framework to be able to manage uncertainty through a chain of interlinked models or
components, Bastin et al. (2013) highlight the need for a well-defined protocol for communication
of probabilistic uncertainty between model components, an appropriate mechanism to propagate
uncertainty, which ideally should require minimal change to the component’s model code, and
the ability to accommodate different levels of spatial and temporal support among the different
components. To make such a framework workable, tools are needed that can aid in expert
elicitation (the formal process of capturing expert knowledge) or statistical inference based on
observation data of input uncertainties, formal sensitivity and uncertainty analysis techniques,
visualisation methods of uncertainty in space and time and finally, tools to validate model chain
outputs against observation data.
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The methodology for the propagation of uncertainty through models in the bioregional
assessment presented in this document will take on board several of these concepts and tailor
these to the specific scope of and resources available for bioregional assessments. This
submethodology focuses on the propagation of uncertainty in individual, bioregion-specific
physical models. The companion submethodology M10 (as listed in Table 1) for identifying
and analysing risk outlines and discusses the overarching risks and sources of uncertainty

that are shared among bioregions and are inherent to the BA methodology. The companion
submethodology M08 (as listed in Table1) about receptor impact modelling also discusses

the propagation of uncertainty from the physical models into the receptor impact models.

Chapter 3 provides an overview of the requirements that the methodology will need to fulfil to
achieve the goals set out by the BA and, equally important, will establish a number of key
assumptions that are needed to have a methodology that is applicable in practice. Chapter 4
discusses the methodology in greater detail. Chapter 5 outlines the outputs of the analysis and
where they are used. The last Chapter reiterates and summarises the key points of the
methodology.
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3 Requirements and assumptions

This chapter summarises the main requirements for a viable and robust uncertainty analysis
methodology for bioregional assessments (BAs), and the high-level decisions and assumptions
that underpin this methodology.

3.1 Requirements

3.1.1 Transparent and reproducible

Underlying the BA is the requirement that every outcome needs to be reproducible and each step
or process that leads to an outcome needs to be documented in a transparent manner so as to
allow public scrutiny. These terms are defined in BAs as follows:

e transparency: a key requirement for the Bioregional Assessment Programme, achieved by
providing the methods and unencumbered models, data and software to the public so that
experts outside of the Assessment team can understand how a bioregional assessment was
undertaken and update it using different models, data or software

e reproducibility: the extent to which materially consistent results are obtained when experts
outside of the Assessment teams redo part or all of a bioregional assessment using the same
methods, models, data and software, but different computer systems.

These requirements of transparency and reproducibility require researchers in the BA to be
diligent in recording in detail the reasoning, the uncertainty associated with any information or
model used in BA, and the chain of models that led to a prediction and the source of all the data
and information that fed into that chain of models.

Section 3.1 provides guidance on how to characterise and report data and model uncertainty that
will feed into the modelling chain. After establishing these uncertainties, it is key that the
methodology outlined in this document is adhered to for the propagation of the uncertainty to the
prediction of interest (that is the impact on the asset and/or landscape class or the hydrological
response variable).

3.1.2 Generic

Due to the nature of the research question, the research in BA inevitably will include various
scientific disciplines and work across very different scales. Each scientific discipline has different
traditions in handling uncertainty, inspired by the boundary conditions imposed on the statistical
techniques applicable to the discipline, by the typical availability of data and by the system
linearity and dimensionality.

In order to use the same methodology throughout the BA process, the uncertainty analysis
methodology needs to be able to accommodate and integrate various disciplines and different
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spatial and temporal scales. The methodology therefore will need to be flexible and generic and
thus model-independent.

3.1.3 Probabilistic

There are multiple ways of analysing risks associated with future activities. The companion
submethodology M11 (as listed in Table 1) for hazard analysis (Ford et al., 2016) opts to apply a
risk analysis based upon probabilistic estimates of the uncertainties associated with the predicted
impacts of coal mining and coal seam gas development on water and water-dependent assets.
This obviously implies that the uncertainty analysis needs to provide probabilistic estimates of the
uncertainty of the impact on assets and/or landscape classes or hydrological response variables.

3.1.4 Data and model availability

The quantity and quality of data available to inform the BA is, to say the least, variable. It will not
only vary between bioregions, in which for instance the Northern Inland Catchments bioregion
has more and more-reliable data than the Lake Eyre Basin bioregion, it will also vary within a
bioregion. For example, there might be a high density of observations for shallow groundwater
levels, but hardly any data for groundwater pressure in deep aquifers.

The methodology will need to be able to produce an estimate of uncertainty, even if there is no or
limited data available. The methodology will also need to accommodate the situation where hard
data are only available for parts of the system. While it is essential that all available data are used
to constrain the models, care has to be taken not to give overly great weight to small datasets or
unrepresentative data in order to avoid bias in the predictions.

Related to the data availability issue is the model availability. The BA project will not be able to
create comprehensive, complex models for each aspect of each bioregion. In some regions existing
models, created by or for state agencies or mining companies, will be available. As the intellectual
property of these models does not reside with the BA partners, it is likely that conditions will be
imposed on the BA team as to what extent the model and model results can be used. An example
would be that BA is allowed to use the model results, but cannot run the model with changed
parameter values or boundary conditions. The methodology will need to accommodate such
limitations on the use of models and results.

3.1.5 Practical

The four requirements discussed above condition the science needed to assess uncertainties in
the predictions. The reality of time and resources available for the BA, however, require that
practical considerations be taken into account as well.

Each researcher in the BA is expected to have a working knowledge of the uncertainty
methodology. It is, however, unrealistic to expect every researcher to be across all the
mathematical and statistical detail of the methodology, let alone have the software engineering
capabilities to apply the methodology to their domain. The methodology therefore needs to be
designed so that it can be used, with limited training, by all researchers within the BA.
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Additionally, while considerable computing infrastructure is available for the project, resources are
not unlimited. The implementation of the uncertainty methodology therefore needs to ensure it is
computationally feasible within the time frames agreed in the project plans for individual
bioregions.

3.2 Assumptions

3.2.1 Every aspect of the model chain needs scrutiny

The default position when starting to address the question of how coal seam gas extraction and
coal mining development will affect an asset is to consider each aspect of the conceptual model
and the resulting chain of models as uncertain.

Many of these aspects will be able to be expressed in probabilistic terms. The uncertainty of
continuous variables, such as hydraulic conductivity, river discharge or fish biomass, can be
directly expressed as a probability density function. In the case of categorical variables, such as
fault presence or vegetation type, uncertainty can be expressed as a probability of occurrence.
Any aspect that can be expressed in such probabilistic terms will be incorporated formally in the
uncertainty analysis process (Section 4.2 and Section 4.3).

However, discrete choices and simplifications are unavoidable in developing conceptual and
physical models and it will not always be possible to assign probabilities to competing choices.
Section 4.1.1 will discuss in more detail how to assess and document these discrete choices and
model assumptions.

3.2.2 Problem can be compartmentalised

The conceptual model will provide causal pathways between coal resource development and
impacts on assets. In theory, and as advocated by Voinov and Shugart (2013), it is possible to
translate that conceptual model into a chain of physical models and, with the help of a workflow
system, carry out an uncertainty analysis of the integrated system.

This will place enormous strain on the logistics of the BA process as it will require all the models
that are part of the model chain to be available before the uncertainty analysis can start.
Enormous gains in efficiency and tractability can be achieved if the uncertainty analysis can be
compartmentalised (i.e. if the model chain can be split up into sub-processes for which the
uncertainty analysis can be carried out sequentially but separately).

The main criterion to subdivide the chain of models is the absence of feedback loops.
Groundwater models will provide an estimate of baseflow to river models, which in turn affects
the river stage, which often is a boundary condition for groundwater models. Such an intimate
link between models implies that they cannot be separated, as a change in one model has the
potential to affect the other model. A change in hydrology has the potential to change the ecology
of that catchment. It is however unlikely that this change in ecology will change the hydrology
sufficiently to invalidate the earlier hydrological change simulation. This implies that hydrological
models can be isolated from the ecological models where outputs of the former (and associated
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uncertainty estimates) become inputs for the latter. Note that any external major changes in
ecology due to coal resource development, such as land clearance for open-cut mining of coal, are
part of the change in stress to the hydrologic models, for instance by specifying a change in runoff
in a catchment.

Again, it is paramount to record and document the reasoning and justification for
compartmentalising a conceptual model. If there are good reasons to expect important feedback
loops between the ecology and the hydrology these should be identified as part of the conceptual
modelling. If it is possible to include this feedback in the model chain then that should happen. If
not, then it should be, at the very least, acknowledged as something to watch and a potential gap.

3.2.3 Well-defined hydrological response variables

It is important to establish well-defined hydrological response variables, explicitly defined in space
and time, for each sub-model, that can: (i) be used to summarise the results of the numerical
modelling and (ii) support reasoned explanations for the potential changes in assets or landscape
classes (refer to companion submethodology MO03 (as listed in Table 1) for assigning receptors to
water-dependent assets (O’Grady et al., 2016)) and (iii) be used in the receptor impact modelling
(refer to companion submethodology M08 (as listed in Table 1) about receptor impact modelling).

The physical models, hydrogeological and hydrological, will produce both time series and/or maps
of change in groundwater level, flux or river flow. From a practical perspective, due to the high
dimensionality of the model output, it is not possible to calculate uncertainty estimates for each
grid cell and each time step of the model. A limited number of hydrological response variables
therefore need to be defined that either summarise the spatial and temporal output of the model
or are representative for the spatial and temporal output of the model. An example of this is using
the following hydrological response variables to summarise the time series of drawdown at a
model node:

e dmax: maximum difference in drawdown for one realisation within an ensemble of
groundwater modelling runs, obtained by choosing the maximum of the time series of
differences between two futures

e tmax: year of maximum change.
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Figure 8 outlines the methodology for propagation of uncertainty within the BA. The main process,
in blue, starts with the compartmentalisation of the conceptual model (i.e. subdividing the
conceptual model into a number of sub-models without feedback loops). For each of these sub-
models a comprehensive and robust sensitivity analysis is subsequently carried out to identify the
model factors (parameters and assumptions) that have the largest impact on the hydrological
response variables of interest. From this factor prioritisation, a relatively small number of factors
will be selected for inclusion in the actual uncertainty analysis, which will result in a probability
distribution function (pdf) for the hydrological response variable (or metric) of interest. When
carried out sequentially for each sub-model in the model chain, the process will culminate in the
probability distribution function of the hydrological response variable. Since the model chain is
compartmentalised, the uncertainty is additive.

Model emulation

Probability
distribution function
of hydrological
response variables

Compartmentalise Sensitivity analysis Uncertainty analysis

Characterise sources of uncertainty

Figure 8 Uncertainty methodology flowchart

Blue boxes indicate the main workflow, the orange box is the result of the workflow and the red boxes indicate concepts and
methods that are essential to complete the workflow

At this point it is worthwhile to clearly define and differentiate between the interlinked notions of
sensitivity analysis and uncertainty analysis. Saltelli et al. (2008) differentiate between the two as
follows:

Uncertainty analysis is the quantification of uncertainty. Sensitivity analysis is the study
of how uncertainty in the output of a model (humerical or otherwise) can be
apportioned to different sources of uncertainty in the model input.

An important goal for a BA is, where possible, to carry out an uncertainty analysis to quantify the
uncertainty in the prediction of the effect of coal resource development. Sensitivity analysis will
provide insight in how the different sources of uncertainty interact and, at least in this
methodology, will primarily be used to focus the effort of the uncertainty analysis on the factors
that contribute most to the uncertainty in the prediction.
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The two red boxes in Figure 8 represent two crucial aspects of the methodology that will interact
with the main process. The first of these is the characterisation of the sources of uncertainty, that
is the identification of all possible sources of uncertainty and where possible the quantification of
this uncertainty in probabilistic terms from observations or through expert elicitation. The second
red interacting box is model emulation. The uncertainty analysis will require a very large number
of model runs to arrive at a robust estimate of predictive uncertainty. Integrating each sub-model
into uncertainty analysis software is challenging and for some BA models, runtimes will preclude
running the model a sufficient number of times to arrive at a robust prediction. The methodology
therefore opts to capture the dynamics between the key influential factors, identified through the
sensitivity analysis, and the hydrological response variable of interest with a statistical model. It is
this statistical model, the model emulator, which will be used for the actual uncertainty analysis.
Model emulators are described in more detail in Section 4.5.

The reporting of the propagation of uncertainty through the models will be an integral part of the
reporting on the hydrological and hydrogeological models (products 2.6.1 (surface water
numerical modelling) and product 2.6.2 (groundwater numerical modelling)).

The following sections discuss in more detail each of the components of the flowchart depicted in
Figure 8, beginning with more detail on the characterisation of the sources of uncertainty.

4.1 Characterisation of sources of uncertainty

Uncertainty arises in many aspects of the modelling process and there is a wide variety in the
terminology used to describe the source and nature of uncertainty (Walker et al., 2003). Hayes
(2011) summarises this varied terminology in the Venn diagram shown in Figure 9.

Decision uncertainty relates to the uncertainty that enters policy analysis after risks have been
estimated. As such, this lies outside the scope for the BA. Linguistic uncertainty, however, is an
aspect of uncertainty analysis that needs attention. It arises through communication about
uncertainty using language that is not precise. Important aspects are vagueness, context
dependence, ambiguity, indeterminacy and under-specificity (Hayes, 2011). Even when adopting
clear mapping between numerical probabilities and linguistic terms, such as that used by the
International Panel for Climate Change (IPPC) where for instance a probability between 90 and
100% is expressed as ‘Very Likely’ (see Mastrandrea et al., 2010), it has been shown that
interpretation by policy makers and the general public is still very individual and context-specific
(Spiegelhalter et al., 2011). Linguistic uncertainty will especially come into play when
communicating the results of the uncertainty analysis (Patt, 2009) and during expert elicitation
workshops (O’Hagan et al., 2006).

The focus of this submethodology report, however, is on variability and on epistemic uncertainty.
Variability is the variation in a quantity or process that is caused by natural fluctuations or
heterogeneities. Variability can be described in probabilistic terms, but cannot be reduced.
Epistemic uncertainty lumps all uncertainty together that stems from incomplete knowledge,
understanding or representation of the system under study. In theory, this form of uncertainty is
reducible by gathering additional data and a more exact representation of the system in models. It
is seldom possible to attribute uncertainty of a value solely to one or both types of uncertainty.
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The uncertainty in the hydraulic properties of an aquifer for instance is largely attributable to
epistemic uncertainty, as generally there are only a few measurements of these properties. Even
with unlimited resources, it would not be possible to deterministically describe the hydraulic
properties due to natural heterogeneity of the subsurface (de Marsily et al., 2005; Caers, 2011)
and so, part of the uncertainty in the hydraulic properties will remain due to variability.
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Figure 9 Venn diagram illustrating four broad categories of uncertainty with more specific types of uncertainty
(black) and different nomenclature (grey italic).

Source: Figure 2.3 in Hayes (2011). This figure is not covered by a Creative Commons Attribution licence. It has been reproduced
with the permission of CSIRO. The numbers in superscript refer to references in that report.
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Regardless of the source of uncertainty, the quality of the uncertainty propagation, such as
presented in Figure 8, hinges on the characterisation of the uncertainty to be propagated. An
adequate characterisation of an uncertain factor not only entails a quantitative aspect, in which
the value, the units and the spread or variation are described, but it also needs to have a
qualitative aspect (van der Sluijs et al., 2005). This qualitative aspect assesses both the quality of
the information (e.g. the significance level of a statistical test) and whether the estimate is
pessimistic or optimistic. The latter will generally be based on expert judgement, such as through
a peer review.

The next three sections provide some guidance on how to characterise uncertainty in view of the
above-mentioned philosophy. The discussion is differentiated based on two important
practicalities:

e Can the source of uncertainty be incorporated in an automated sensitivity/uncertainty
analysis? (Section 4.1.1)

e Are there sufficient and relevant observations available of the factor of interest? (Section
4.1.2 if data are available, Section 4.1.3 if not).

4.1.1 Model assumptions

It is widely recognised that the assumptions and conceptual model choices that form the basis of
any environmental model are crucial, albeit often overlooked, components of the uncertainty
analysis (Saltelli and Funtowicz, 2014). In the field of hydrogeological modelling this is vividly
illustrated in the classic paper by Bredehoeft (2005), where post-audits of several groundwater
models revealed major shortcomings in conceptualisation.

Section 3.2.1 postulates that in this methodology every aspect of the model will be scrutinised
while Section 3.1.3 states the requirement for the uncertainty analysis to be fully probabilistic. In
a very practical sense, for a model aspect to be amenable for sensitivity analysis and uncertainty
analysis, it needs to be able to be varied in an automated fashion through some sort of computer
script. This obviously implies that all model aspects that cannot be varied automatically due to
technical issues or other operational constraints cannot be part of the probabilistic uncertainty
analysis.

Refsgaard et al. (2006) and Kloprogge et al. (2011) provide examples of methods to formally
account for the uncertainty introduced by these kind of model assumptions. The pivotal aspects of
these methodologies are the structured listing of model assumptions, and the analysis of the
implications and influence of those assumptions (a pedigree analysis) through peer review or a
workshop with experts and stakeholders. Finding and listing all key assumptions requires, as
argued by Saltelli et al. (2013), an assumption-hunting attitude in order to ‘find important
assumptions before they find you’. The pedigree analysis in Kloprogge et al. (2011) for instance
suggests scoring each assumption on aspects such as the practical motivation, plausibility,
availability of alternatives, agreement among peers and stakeholders and, most importantly, the
perceived influence on the final prediction. While it is recognised that these scoring systems are
prone to subjectivity and their results can be heavily influenced by the numerical scoring system
used, such methods are very useful for a BA. The main benefit is that they provide a structured
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way of thinking about and analysing model assumptions which can help in the open and
transparent communication of model uncertainty.

Section 2.6.2.8.2 (qualitative uncertainty analysis) in the Gloucester subregion groundwater model
product (product 2.6.2, Table 2) shows an example of such a structured listing and discussion of
model assumptions (Table 3).

Table 3 Qualitative uncertainty analysis as used for the Gloucester subregion

CSG = coal seam gas

Number | Assumption / model choice Data Resources | Technical | Effect on
predictions
1 Hybrid analytic element — MODFLOW high high low low

model methodology

2 Principle of superposition low low low low
[includes no recharge, no surface water —
groundwater interaction]

3 Horizontally spatially uniform hydraulic low low low low
properties
4 Hydraulic properties vary with depth, not high low low medium

with stratigraphy

5 Stochastic representation of coal seams high high medium low
and faults
6 Random location of CSG wells and assigning high low low low

pumping interval to random coal seams

7 CSG wells as constant head wells high low medium medium
8 Open-cut mines as prescribed pumping rate high low low high
9 Specification of prior distributions high low low low

The major assumptions and model choices underpinning the Gloucester groundwater models are
listed in Table 3. The goal of the table is to provide a non-technical audience with a systematic

overview of the model assumptions, their justification and effect on predictions, as judged by the
modelling team. This table is aimed to assist in an open and transparent review of the modelling.

In the table each assumption is scored on four attributes using three levels; high, medium and low.
Beneath the table, each of the assumptions are discussed in detail, including the rationale for the
scoring. The data column is the degree to which the question ‘if more or different data were
available, would this assumption/choice still have been made?’ would be answered positively.

A ‘low’ score means that the assumption is not influenced by data availability while a ‘high’ code
would indicate that this choice would be revisited if more data were available. Closely related is
the resources attribute. This column captures the extent to which resources available for the
modelling, such as computing resources, personnel and time, influenced this assumption or model
choice. Again, a ‘low’ score indicates the same assumption would have been made with unlimited
resources, while a ‘high’ value indicates the assumption is driven by resource constraints. The
third attribute deals with the technical and computational issues. ‘High’ is assigned to assumptions
and model choices that are dominantly driven by computational or technical limitations of the
model code. These include issues related to spatial and temporal resolution of the models.

Propagating uncertainty through models | 31


http://registry.it.csiro.au/sandbox/ba/glossary/_gloucester-subregion:5
http://registry.it.csiro.au/sandbox/ba/glossary/_groundwater:4

4 Methodology

The final, and most important column, is the effect of the assumption or model choice on the
predictions. This is a qualitative assessment of the modelling team of the extent to which a model
choice will affect the model predictions, with ‘low’ indicating a minimal effect and ‘high’ a large
effect. Especially for the assumptions with a large potential impact on the predictions, it will be
discussed that the precautionary principle is applied; that is, the hydrological change is over-
rather than underestimated.

4.1.2 Observation data

In a BA, a large amount of resources is invested in gathering and analysing existing data. These
data will be used to inform the conceptual model. Some of these data will become part of the
model chain as they inform models on initial conditions, boundary conditions and parameters.
Section 4.4 will elaborate upon how observation data can be used to constrain the models.

The probability density for numerical, continuous variables can be described via the parameters of
a probability density function. The most well-known is the normal distribution which is fully
described by the mean and standard deviation. There is a wide variety of other types of
distributions that can be used to describe a dataset. Uncertainty of categorical data can be
expressed as a probability of occurrence of each category, where the total probability of all
possibilities needs to sum to one.

Observations will always have a measurement uncertainty. The precision and accuracy of
measurement devices is generally well-known and therefore straightforward to incorporate in the
probability distribution. Larger contributors to measurement uncertainty are the location and time
of measurement. For historical data and for subsurface data, the date of the measurement is often
not recorded accurately and the elevation or the depth of the measurements are sometimes not
available. Even when these are available, they can be of questionable accuracy. Another
contributor to measurement error is the observation model used. River discharge for instance is
mostly inferred from river stage elevation through a rating curve. The shape of this curve can
contribute markedly to measurement uncertainty (Tomkins, 2014).

The data that will inform environmental models, however, will always have spatial and temporal
support. This implies that point measurements of parameters and driving forces need to be
upscaled to the scale relevant to the model, whilst model simulation results often need to be
downscaled to be able to be compared with observations at a point scale. The spatial and
temporal variability of data therefore also need to be described. Traditional techniques such as
the variogram for spatial data and autoregressive—moving-average time series models for
temporal data can be used to capture the spatio-temporal variability for stationary systems.
Describing more complex variability is beyond the limitations of these simple hydrological
response variables. In those cases, there is a need to resort to explicitly describing the variability
through stochastic realisations of the spatial or temporal field. An example for rainfall grids is
given in Shao et al. (2012).

Van Loon and Refsgaard (2005) provide an extensive overview of and guidance on assessing data
uncertainty, with a focus on water resources management. It provides a good reference document
for BAs as it provides detailed discussions on characterising uncertainty for meteorological, soil
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physical and geochemical, geological and hydrogeological, land cover, river discharge, surface
water quality, ecology and socio-economic data.

4.1.3 Expert elicitation

In many cases there will be insufficient relevant data available to directly inform the uncertainty
characterisation of a factor of interest. These cases need to rely on expert elicitation. Expert
elicitation aims at capturing the scientific understanding of a process or a quantity in a probability
distribution by questioning experts. In order for the obtained probability distribution to be
reliable, the elicitation method needs to be transparent and reflect a consensus of the opinion

of the scientific experts (O’Hagan et al., 2006).

Consider the scenario where expert elicitation is required to estimate the change in depth to
watertable from a water extraction scenario at several locations and times. In direct elicitation,
the panel of experts are asked to directly estimate the change in watertable. The response in
depth to watertable, however, will depend on many site- and time-specific factors. Such direct
elicitation will pose a high cognitive load on the expert. An alternative elicitation method is
elaboration (O’Hagan, 2012) in which the elicitation focuses on a set of quantities that govern the
process. An essential step in elaboration is to break down the process that leads to a quantity of
interest in cognitively manageable chunks. In this example, rather than estimating the change in
watertable at a location directly, focus can shift to quantities such as the distance to extraction,
the hydraulic properties and hydrostratigraphy of the aquifer, proximity to surface water features
or faults. As such this is not too different from the way piezometric surfaces traditionally have
been created in data-poor areas, as recently illustrated in the updated watertable map for the
Great Artesian Basin (Ransley and Smerdon, 2012). A more formal way is to use these elicited
quantities in a groundwater model (i.e. eliciting the probability distribution functions of
parameters of a groundwater model).

In indirect elicitation, the priors for the parameters of a linear model (Kadane et al., 1980) or
generalised linear model (Bedrick et al., 1996; Garthwaite et al., 2013) are based on expert opinion
of the predicted response at various combinations of the covariates. In ecology, this approach is
used to elicit expert opinion on the spatial distribution of a species given a set of physical
attributes, which may be spatially distributed, and thereby specify priors for a generalised linear
model (Al-Awadhi and Garthwaite, 2006; Denham and Mengersen, 2007; Murray et al., 2009).

Even after elaboration and reduction of the elicitation problem to a manageable set of parameters
or other quantities of interest, a number of possible cognitive biases can influence the elicitation
process. For example, probabilities elicited from experts may suffer from overconfidence,
anchoring to arbitrary starting values and the availability of the frequency of events in the memory
of the expert. These cognitive restrictions and recommended remedies are discussed by Kadane
and Wolfson (1998) and Kynn (2008), who document some rules of thumb for an analyst to adopt
when eliciting expert opinion, such as eliciting percentiles or quantiles from an expert (e.g. as in
O'Hagan, 1998, for a hydrogeological model). Elicitation methods based on an expert's opinion of
statistical moments have been found to be less reliable (Garthwaite et al., 2005). The quantile or
percentile method is adopted by available elicitation software (Low-Choy et al., 2009). Web-based,
direct elicitation tools for univariate priors are available, such as ‘The Elicitator’ (Bastin et al.,
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2013) and ‘MATCH’ (Morris et al., 2014). The former focuses on documenting the elicitation
process, whereas the latter provides a web-based interface to the SHELF software (Oakley and
O'Hagan, 2010) and focuses on direct prior elicitation.

A consensus on how to mathematically accommodate expert opinion in a group setting has not
yet been achieved. In fact, it is not altogether clear what it means to assimilate group expert
opinion in a decision-making context (see Garthwaite et al., 2005). An alternative to model-based
approaches for assimilating group opinion is to instead use behavioural approaches (Clemen and
Winkler, 1999). A formal method of behavioural aggregation can be used, such as the Delphi-
method that is commonly used in ecology (Kuhnert et al., 2010). Alternatively, a consensus prior
may be developed through interaction among the individuals within a group of experts (O'Hagan
and Oakley, 2004). The behavioural aggregation through interaction may be applicable where the
opportunity for feedback and discussion among experts is allowed and encouraged.

4.2 Compartmentalisation of the conceptual model

A number of conceptual models are developed for each BA, including regional-scale conceptual
models that synthesise the geology, groundwater, surface water and surface ecosystems. The
conceptual model of causal pathways (the conceptual model) brings together a number of these
conceptual models and describe the potential links between coal resource development and
impacts to water resources and water-dependent assets. Ultimately, it is the goal of the BA to
translate the conceptual model into a chain of numerical models to predict potential impacts to
water resources and water-dependent asset at particular points in space and time with quantified
uncertainty.

At a high level, a conceptual model will include the aspects shown in Figure 10; the development
will affect the physical system which subsequently influences the ecological system which finally
results in an impact to water-dependent assets. As long as the arrows in Figure 10 can be
considered as one-way interactions, the conceptual model can be subdivided into isolated
subsystems. Conceptual modelling should identify any important potential feedback loops
between subsystems. If they exist then they either need to be incorporated into the model or
noted as a watchpoint and a gap.

Even within these subsystems, there is potential to further subdivide, as shown in Figure 11 for the
physical system.

The compartmentalisation of a system consists of delineating the subsystems and, especially
important, identifying the point of interaction. This point of interaction is an observable quantity
or model outcome that forms the output of one model and will be input to the linked model. The
change in flow rate due to coal resource development for example can be the point of interaction
between the physical system and the ecological system. It will be the outcome of the hydrological
model and form the input for an ecological response function. Note that the ecological response
function can combine several hydrological response variables. Similarly, the geological model can
provide an estimate of fault probability at a location, which will feed into the hydrogeological
conceptual model and ultimately into the groundwater model.
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Figure 10 High-level compartmentalisation of conceptual model
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Figure 11 Example of compartmentalisation of the physical system

Conceptual representation of the physical system and inputs to and from the groundwater and surface water models. Surface
water modelling uses the Australian Water Resources Assessment (AWRA) model suite, while the groundwater model varies
between subregions and bioregions.

4.3 Sensitivity analysis for factor prioritisation

Sensitivity analysis (SA) methods can be broadly categorised into two groups, based on their
strategy to explore parameter space: local SA and global SA. Local SA methods are usually based
on the estimation of partial derivatives and provide measures of importance within a small
interval around the ‘baseline’ or ‘nominal value’ point (Hill and Tiedeman, 2007; Doherty and
Hunt, 2009; Nossent, 2012). Most local SA methods involve varying one model input factor at a
time while keeping all others fixed, so they are special cases of ‘one-factor-at-a-time’ (OAT)
approaches. An extensive review of these methods is provided in Turanyi and Rabitz (2000). Local
SA methods are usually easy to implement and computationally cheap (require only a limited
number of model evaluations), but are only suitable for linear or additive models. When these
conditions are not satisfied, OAT approaches result in a sub-optimal SA due to the ignoring of the
effect of interactions between input factors, since they do not take into account the simultaneous
variation of input factors (Saltelli and Annoni, 2010).

Global SA overcomes the aforementioned drawbacks by exploring the full multivariate space of a
model simultaneously. Since the 1990s, several global SA methods have been developed (Plischke
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et al., 2013): screening methods (Morris, 1991; Bettonvil and Kleijnen, 1997), non-parametric
methods (Saltelli and Marivoet, 1990; Young, 2000), variance-based methods (Sobol, 2001; Saltelli
et al., 2010; Nossent et al., 2011), density-based methods (Liu and Homma, 2009; Plischke et al.,
2013), and expected-value-of-information based methods (Oakley et al., 2010). The last three
categories require a larger investment in computer time, but they are more accurate and robust
(Gan et al., 2014).

The main purpose of the sensitivity analysis in this methodology is to identify the subset of
potential sources of uncertainty to which the hydrological response variables of interest are the
most sensitive. This will allow for rationalising the uncertainty analysis and limiting its scope.

As outlined in Section 4.1.1, all factors of the model that can be changed automatically will be
included in the sensitivity analysis and plausible ranges will need to be formulated for them. These
are the ranges within which the factor will be varied to assess its influence on the outcome
hydrological response variables. At this stage it is not essential that this range is the best estimate
of the uncertainty of the factor; it is sufficient for the range to be plausible and realistic.

The ranges of each variable will be sampled in a quasi-random fashion using techniques such as
Latin Hypercube sampling (Helton and Davis, 2003) or Sobol sampling (Sobol, 1976). Such sampling
techniques generate random combinations of parameter values in an efficient way that maximises
coverage of the range of each parameter and combination of parameters with a minimal number
of samples.

Each of these samples (i.e. parameter combinations) is then evaluated using the original model
and the model outcome is recorded. The number of model runs that will be carried out, however,
will be equal to the number of model runs that are possible within the time allocated to this
aspect of the project. It will depend on the model and the circumstances. As a rule of thumb, for
a problem with a limited number of factors, less than 20, 1000 model runs are considered a
minimum to ensure a minimal coverage of parameter space.

The analysis of the sensitivity analysis model runs will be done both qualitatively through visual
inspection of scatter plots and quantitatively through sensitivity indices, where the sensitivity
indices are preferably derived from a global SA method. The visual inspection of scatter plots of
the variation of a factor against the model outcome hydrological response variable provides
insight into the relationship between the factor and the hydrological response variable. Scatter
plots are especially relevant to understand complex and non-linear model behaviour.

To objectively rank the factors, a quantitative measure of sensitivity is needed. Most of the above
mentioned SA techniques provide such an objective measure.
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Figure 12 Sensitivity indices computed for a problem with 872 factors based on 65,000 model runs

Source: Figure 11a in Plischke et al., 2013. This figure is not covered by a Creative Commons Attribution licence. It has been
reproduced with the permission of Elsevier.

As an example of the use of sensitivity indices, Figure 12 shows the result of an application of a
density-based SA method, applied to a NASA space mission model (Plischke et al., 2013). The
model has 872 uncertain factors and a single outcome. The model was run 65,000 times to assess
the sensitivity of each factor. It becomes immediately apparent that there are only a limited
number of factors that have a sizeable influence on the model outcome. This case study also
illustrates that robust sensitivity estimates can be achieved for models with very high
dimensionality with a limited number of model runs per parameter (~75 model runs per
parameter in this case).

4.4 Uncertainty analysis is a function of data availability

The choice of uncertainty analysis methodology will be determined by the availability of relevant
observation data. If no relevant observation data are available, the uncertainty analysis will be
limited to a Monte Carlo simulation or propagation of the prior estimates of uncertainty of the
important factors through the model chain. If relevant and sufficient data are available, the
uncertainty analysis will be a Bayesian inference based on a Markov Chain Monte Carlo in which
the observations will constrain the prior pdfs of the important factors to result in posterior pdfs
of both the factors and the prediction.

Within the context of uncertainty analysis for BA, relevant observation data are data that are able
to constrain the key influential factors that affect the model outcome hydrological response
variable, as identified through the sensitivity analysis. A second condition is that the size of the
dataset is sufficiently large to reliably constrain these factors. The evaluation of potential data
starts with quality assessment to estimate the uncertainty of the observation data. From the
sensitivity analysis described in the previous section, not only the effect of the factors on the
prediction needs to be assessed, but also the effect of the factors on the model-simulated
equivalents to the observation data. Observation data can only be considered relevant if its
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simulated equivalent is sensitive to parameters that are part of the subset of influential factors
for the prediction of interest. Part of the evaluation of the observation dataset is to assess if

the observation data are representative of the system or they are overly influenced by a local
phenomenon. Related to this is the size of the dataset. Are there enough observations available
to have a reliable estimate of the natural variability of the observations? If an observation dataset
is considered not relevant for the uncertainty analysis, it does not mean that the data cannot be
used within the BA uncertainty analysis. These data can still have potential to guide the expert
elicitation of prior uncertainties of factors.

In the absence of sufficient relevant data, the prior probability distribution of each influential
factor will be described, either from data or from expert elicitation. A Monte Carlo process will
randomly sample these probability distributions and run these through the model. As such, this
is the same as the sensitivity analysis process with the main difference being that the factors are
no longer sampled uniformly from a plausible range, but from a distribution that reflects and
incorporates the current knowledge on that factor. The resulting distribution of the prediction is
then considered to be the estimate of uncertainty of the hydrological response variable.

When relevant data are available, the prior probability distribution of each influential factor will be
described similar to the previous case. Rather than regular Monte Carlo simulation, Markov Chain
Monte Carlo sampling will be applied. This sampling scheme favours parameter combinations that
agree with the observation data. Several implementations of this scheme are available. A very
promising tool is the LibBi software (Murray, 2013) developed by CSIRO, which is designed to
maximally utilise the high-performance computing hardware available to BA.

4.5 Model emulation

The bottleneck in any Monte Carlo estimation is the large number of model runs required. Even
for problems with moderate dimensionality, the number of simulations needed to arrive at robust
estimates of the probability distribution function of the prediction will be in the order of 10,000 or
even 100,000. For more complex models with higher dimensionality, millions of model runs might
be required. Such large numbers of model runs are only feasible when the model run time is in the
order of seconds. Most environmental models, however, take minutes, and in the case of
groundwater models even hours, to converge to a solution.

Another potential bottleneck specific for BA is that each environmental model needs to be
integrated into a software package or script that can carry out the Monte Carlo or Markov Chain
Monte Carlo efficiently. The software implementation of environmental models likely to be used
in BA can vary from straightforward spreadsheet calculations to custom-made scripts to third-
party closed-source software. Implementing such a variety of software tools poses a significant
challenge to the modellers and software engineers.

Both of these problems can be overcome using a technique called ‘model emulation’. The principle
behind model emulation, sometimes referred to as surrogate modelling or meta-modelling, is to
use a computationally efficient statistical approximation of the slower process-based model.
Several techniques are available to create surrogate models (see Razavi et al., 2012). For BA,
response surface models offer a relatively simple and well-studied solution to performing model
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emulation. In this technique, the response of a model to variations in the inputs and parameters
is approximated with a mathematical function, such as a Gaussian Process (GP) model (O’Hagan,
2006) or Kriging (Kleijnen, 2009). The emulator is often implemented based on the output
obtained from limited runs of the process-based model.

Of the statistical procedures used in model emulation, GP models are the most commonly utilised
(see Kennedy and O’Hagan, 2001; Oakley and O’Hagan, 2002; Higdon et al., 2008). This is most
likely because of their mathematical simplicity, low computational overheads, ability to fit
complex surfaces and successful application in a range of disciplines. The ease with which such
emulators can be constructed is also aided by a number of freely available tools developed
specifically for these purposes (Hankin, 2013a, 2013b).

The GP is a distribution for a function where each evaluated point y =f (x), where x is a vector of
inputs, is assumed to have a multivariate normal distribution (O’Hagan, 2006). Like all
approximations, GPs introduce an error in regions other than the design points, often referred to
as ‘code uncertainty’ (O’Hagan, 2006). Fortunately, the error associated with a statistical emulator
can be readily quantified and incorporated into any assessment of uncertainty. For GP emulation,
this relies on a number of assumptions to be made regarding the laws governing the covariance of
model outputs over the parameter space. In addition, GP emulation assumes that model outputs
vary smoothly across the parameter space and do not accommodate discontinuities (O’Hagan,
2006). Careful sampling from the process-based model input domain is required to effectively and
efficiently generate the model output required for building the emulator. Appropriate design of
input configurations need to be implemented for this, such as might be achieved through Latin-
hypercube or Quasi-Monte Carlo sampling.

A further challenge that may be encountered in emulation of groundwater models is how to
construct an emulator that is able to model multi-dimensional and potentially high-dimensional
outputs (raster outputs for example). A common way in which to deal with this is through the
use of dimension reduction techniques such as the singular value decomposition, which emulate
the model outputs using a smaller set of eigenvectors. This is a strategy that has been applied
with success for GP emulation by Higdon et al. (2008) and with other types of emulators such

as random forests by others (see Hooten et al., 2011; Leeds et al., 2013). The practical
implementation of these methods is not yet at the same level of robustness as univariate
emulators and cannot be considered as a routine methodology. It is beyond the scope of BA to
further develop and fine-tune this methodology, hence the requirement for a limited number of
individual hydrological response variables to summarise the spatio-temporal model output. For
communication and illustrative purposes, it is possible to sample the posterior parameter
distribution and run a limited number of model runs after the uncertainty analysis to show the
spatial and temporal distribution of uncertainty. This, however, is part of the post-processing
and cannot be considered a main objective or task in the uncertainty analysis.

4.6 Implementation
The uncertainty analysis workflow (Figure 13) implemented in BA consists of the following steps:

1. design of experiment
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2. sensitivity analysis
emulator development

4. obtaining posterior parameter distributions through Approximate Bayesian Computation
Monte Carlo analysis

5. generating the predictive posterior distributions through evaluation of the posterior
parameter distributions with the emulators.

Prior
parameters

Design

of wide initial Emulator

Experiment range of objective
parameters function

Posterior

model chain parameters

Emulator
HRV
receptor

HRV/ receptor
HRV at Simulated specific

receptor equivalent to objective
location observations function
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HRV receptor

Figure 13 Uncertainty analysis workflow

HRV = hydrological response variable; ABC MCMC = Approximate Bayesian Computation Markov Chain Monte Carlo

In the design of experiment, a large number of parameter combinations are generated for the
complete model sequence. The number of the parameter combinations is primarily determined
by the number of model evaluations that can be afforded within the computational budget for
that subregion. The parameters are generated through a Latin Hypercube sampling (Helton and
Davis, 2003) that optimises the coverage of the parameter space. This results in a quasi-random
but uniform sample across the range of each parameter. The ranges of parameters are chosen
such that they are wide enough to encompass the prior parameter distributions, but sufficiently
narrow to avoid numerical instability due to unrealistic parameter values. The ranges are defined
based on the results of a stress test and the experience of the model team. A stress test consists of
running the model a limited number of times with extreme parameter combinations. If the model
proves to be stable for these extreme parameter combinations and provides results consistent
with the conceptualisation, it inspires confidence that the model can be successfully evaluated for
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the parameter combinations of the design of experiment. The stress test also serves as a tool to
identify and remediate any errors or inconsistencies in the implementation of the conceptual
model in the numerical model.

The chain of numerical models generates the quantity of interest, the hydrological response
variable, at a predefined set of points in space and time. These points in space can be used to
directly assess potential changes or impacts, or they can provide the basis for an interpolation
that may be able to assess potential impacts. In addition to those predictions, the model outputs
corresponding to observations are stored as well. For a groundwater model this can be the
simulated value of groundwater level at the time and place a head observation is available.

A single model sequence run will result in multiple hydrological response variables at several
locations and times in the subregion or bioregion.

The most computationally intensive step in the workflow is evaluating the original model
sequence for all parameter combinations. This results in a dataset of parameter combinations and
their corresponding simulated equivalents to observations and the predictions. For each
prediction an emulator will be trained with the design of experiment results. The emulator chosen
is a local Gaussian process approximation (laGP) (Gramacy, 2013; Gramacy and Apley, 2015).

Observations are not emulated directly. The observations are combined in a summary statistic for
the Approximate Bayesian Computation process and the summary statistic is emulated.

In Approximate Bayesian Computation a summary statistic is defined to assess the quality of the
model, together with an acceptance threshold for this statistic. During the Monte Carlo sampling
of the prior parameter distributions, only parameter combinations that meet the acceptance
threshold are accepted into the posterior parameter distributions. The Approximate Bayesian
Computation methodology allows the tailoring of the summary statistic to individual predictions.
For example, to predict change in annual flow, the summary statistic only contains the
observations of annual flow. For a groundwater level prediction, the summary statistic can be a
weighted sum of the head observations in that aquifer, with higher weights for observations close
to the prediction location, together with constraints on the overall model balance. This type of
summary statistic optimises the use of local information, while ensuring the overall water balance
is respected.

For each prediction a tailored summary statistic is defined and the Approximate Bayesian
Computation Monte Carlo sampling is carried out until the posterior parameter distribution has a
predefined large number of samples. These posterior parameter distributions are evaluated with
the emulator for the prediction to arrive at the posterior predictive probability distribution.

As there is no guarantee that for each prediction an emulator can be created that will adequately
capture the relationship between the model parameters and the predictions, each emulator is
systematically tested using cross-validation. Emulators that do not satisfy predefined performance
criteria are not used in the analysis. For these predictions, the predictive posterior probability
distribution cannot be obtained and only the median of the design of experiment runs is reported.
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5 Outputs from the sensitivity analysis and
uncertainty analysis

Product 2.6.1 (surface water numerical modelling) and Product 2.6.2 (groundwater numerical
modelling) reports the potential impacts of coal resource development on water resources at the
selected model nodes within the surface water and groundwater model domains respectively. This
is done by comparing model simulations that account for the coal resource development pathway
(CRDP) with those that only consider the baseline. A critical part of both of these products is the
representation of the uncertainty in numerical model predictions. This is achieved in various ways,
including by demonstrating the distribution of model outputs (i.e. hydrological response variables)
at specific model nodes or illustrating the probability of exceeding certain drawdown thresholds.

Examples are not presented as part of this submethodology but the reader is referred to
submethodology MO6 (as listed in Table 1) for surface water modelling (Viney, 2016) and
submethodology M07 (as listed in Table 1) for groundwater modelling (Crosbie et al., 2016) which
contain specific examples of uncertainty outputs for product 2.6.1 (surface water numerical
modelling) and Product 2.6.2 (groundwater numerical modelling).
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6 Conclusions

This submethodology provides guidance on how to propagate uncertainty through the chain of
environmental models to assess the impact of coal resource development on water and water-
dependent assets. The methodology is devised to allow for maximum transparency in the
modelling process. At the core of the submethodology is the structured characterisation of
uncertainty through probability distribution functions, based on measurement data or from
expert elicitation. Any aspect of the model that cannot be included in the formal uncertainty
analysis (such as discrete choices and model assumptions) will not only be documented, but
will also be submitted to a pedigree analysis to assess the quality of the model choice and the
potential impact on the prediction.

This submethodology is structured around a compartmentalisation of the model chain followed
by a comprehensive sensitivity analysis to identify the crucial factors that the model prediction is
most sensitive to. The model prediction relates the model output to a model node via a
hydrological response variable. The subset of factors the prediction is sensitive to will
subsequently be used in the uncertainty analysis which propagates the uncertainty in the input
factors to the prediction using a Monte Carlo approach. In the event that relevant data are
available, these will be integrated in the process to constrain the probability distribution of the
prediction. In order to keep the computational load manageable and the methodology amenable
to automation, the uncertainty analysis will be carried out with model emulators. The resulting
probability distribution functions of the impacts on the hydrological response variables will
provide a starting point for the receptor impact modelling, as specified by submethodology M08
(as listed in Table 1) and reported in product 2.7 (receptor impact modelling).

Propagating uncertainty through models | 43



References

References

Al-Awadhi SA and Garthwaite PH (2006) Quantifying expert opinion for modelling fauna habitat
distributions. Computational Statistics 21(1), 121-140.

Barrett D, Couch C, Metcalfe D, Lytton L, Adhikary D and Schmidt R (2013) Methodology for
bioregional assessments of the impacts of coal seam gas and coal mining development on
water resources. A report prepared for the Independent Expert Scientific Committee on Coal
Seam Gas and Large Coal Mining Development through the Department of the Environment.
Department of the Environment, Australia.

Bastin L, Cornford D, Jones R, Heuvelink GB, Pebesma E, Stasch C, Nativi S, Mazzetti P and Williams
M (2013) Managing uncertainty in integrated environmental modelling: the UncertWeb
framework. Environmental Modelling & Software Thematic Issue on the Future of Integrated
Modeling Science and Technology 39, 116-134.

Bedrick EJ, Christensen R and Johnson W (1996) A new perspective on priors for generalized linear
models. Journal of the American Statistical Association 91(436), 1450-1460.

Bettonvil B and Kleijnen JP (1997) Searching for important factors in simulation models with many
factors: sequential bifurcation. European Journal of Operational Research 96, 180-194.

Bredehoeft J (2005) The conceptualization model problem--surprise. Hydrogeology Journal 13,
37-46.

Caers J (2011) Modeling uncertainty in the Earth sciences. Wiley-Blackwell, Hoboken, New Jersey.

Clemen RT and Winkler RL (1999) Combining probability distributions from experts in risk analysis.
Risk Analysis 19(2), 187-203.

Crosbie R, Peeters L and Carey H (2016) Groundwater modelling. Submethodology M07 from
the Bioregional Assessment Technical Programme. Department of the Environment and
Energy, Bureau of Meteorology, CSIRO and Geoscience Australia, Australia.
http://data.bioregionalassessments.gov.au/submethodology/MO07.

de Marsily G, Delay F, Goncalves J, Renard P, Teles V and Violette S (2005) Dealing with spatial
heterogeneity. Hydrogeology Journal 13, 161-183.

Denham R and Mengersen K (2007) Geographically assisted elicitation of expert opinion for
regression models. Bayesian Analysis 2(1), 99-135.

Doherty J and Hunt RJ (2009) Two statistics for evaluating parameter identifiability and error
reduction. Journal of Hydrology 366, 119-127.

44 | Propagating uncertainty through models


http://data.bioregionalassessments.gov.au/submethodology/M07

References

Ford JH, Hayes KR, Henderson BL, Lewis S and Baker PA (2016) Systematic analysis of water-
related hazards associated with coal resource development. Submethodology M11 from the
Bioregional Assessment Technical Programme. Department of the Environment and Energy,
Bureau of Meteorology, CSIRO and Geoscience Australia, Australia.
http://data.bioregionalassessments.gov.au/submethodology/M11.

Gan Y, Duan Q, Gong W, Tong C, Sun Y, Chu W, Ye A, Miao C and Di Z (2014) A comprehensive
evaluation of various sensitivity analysis methods: a case study with a hydrological model.
Environmental Modelling & Software 51, 269-285.

Garthwaite PH, Al-Awadhi SA, Elfadaly FG and Jenkinson DJ (2013) Prior distribution elicitation for
generalized linear and piecewise-linear models. Journal of Applied Statistics 40, 59-75.

Garthwaite PH, Kadane JB and O'Hagan A (2005) Statistical methods for eliciting probability
distributions. Journal of the American Statistical Association 100, 680-701.

Gramacy RB (2013) laGP: Local approximate Gaussian process regression. R package version 1.

Gramacy RB and Apley DW (2015) Local Gaussian process approximation for large computer
experiments. Journal of Computational and Graphical Statistics 24(2), 561-578. DOI:
10.1080/10618600.2014.914442.

Gupta HV, Clark MP, Vrugt JA, Abramowitz G and Ye M (2012) Towards a comprehensive
assessment of model structural adequacy. Water Resources Research 48, W08301.
DO0I:10.1029/2011WR011044.

Hankin R (2013a) A multivariate generalization of the emulator package. Viewed 3 May 2016,
http://cran.r-project.org/web/packages/multivator/multivator.pdf.

Hankin R (2013b) Bayesian emulation of computer programs. Viewed 3 May 2016, http://cran.r-
project.org/web/packages/emulator/emulator.pdf.

Hansen C, Behie G, Bier A, Brooks K, Chen Y, Helton J, Hommel S, Lee K, Lester B, Mattie P, Mehta
S, Miller S, Sallaberry C, Sevougian S and Vo P (2014) Uncertainty and sensitivity analysis for
the nominal scenario class in the 2008 performance assessment for the proposed high-level
radioactive waste repository at Yucca Mountain, Nevada. Reliability Engineering & System
Safety Special Issue: Performance Assessment for the Proposed High-Level Radioactive
Waste Repository at Yucca Mountain, Nevada 122, 272-296.

Hayes K (2011) Uncertainty and uncertainty analysis methods. Issues in quantitative and
qualitative risk modelling with application to import risk assessment. ACERA project (0705).
Report no. 102467. Viewed 4 May 2016,
http://cebra.unimelb.edu.au/__data/assets/pdf file/0008/1290473/0705a_final-report.pdf.

Helton JC and Davis FJ (2003) Latin hypercube sampling and the propagation of uncertainty in
analyses of complex systems. Reliability Engineering & System Safety 81, 23—69.

Propagating uncertainty through models | 45


http://data.bioregionalassessments.gov.au/submethodology/M11
http://cran.r-project.org/web/packages/multivator/multivator.pdf
http://cran.r-project.org/web/packages/emulator/emulator.pdf
http://cran.r-project.org/web/packages/emulator/emulator.pdf
http://cebra.unimelb.edu.au/__data/assets/pdf_file/0008/1290473/0705a_final-report.pdf

References

Helton J, Hansen C and Swift P (2014) Performance assessment for the proposed high-level
radioactive waste repository at Yucca Mountain, Nevada. Reliability Engineering & System
Safety Special Issue: Performance Assessment for the Proposed High-Level Radioactive
Waste Repository at Yucca Mountain, Nevada 122, 1-6.

Henderson B, Hayes KR, Mount R, Schmidt RK, O'Grady A, Lewis S, Holland K, Dambacher J, Barry S
and Raiber M (2016) Developing the conceptual model of causal pathways. Submethodology
MO5 from the Bioregional Assessment Technical Programme. Department of the
Environment and Energy, Bureau of Meteorology, CSIRO and Geoscience Australia, Australia.
http://data.bioregionalassessments.gov.au/submethodology/MO05.

Higdon D, Gattiker J, Williams B and Rightley M (2008) Computer model calibration using high-
dimensional output. Journal of the American Statistical Association 103, 570-583.

Hill MC and Tiedeman CR (2007) Effective groundwater model calibration. Wiley and Sons, New
York.

Hooten M, Leeds W, Fiechter J and Wikle C (2011) Assessing first-order emulator inference for
physical parameters in nonlinear mechanistic models. Journal of Agricultural, Biological, and
Environmental Statistics 16, 475—-494.

Kadane JB, Dickey JM, Winkler RL, Smith WS and Peters SC (1980) Interactive elicitation of opinion
for a normal linear model. Journal of the American Statistical Association 75(372), 845—854.

Kadane JB and Wolfson LJ (1998) Experiences in elicitation. Journal of the Royal Statistical Society:
Series D (The Statistician) 47, 3—19.

Kennedy MC and O'Hagan A (2001) Bayesian calibration of computer models. Journal of the Royal
Statistical Society: Series B (Statistical Methodology) 63, 425-464.

Kleijnen JP (2009) Kriging metamodeling in simulation: a review. European Journal of Operational
Research 192, 707-716.

Kloprogge P, van der Sluijs JP and Petersen AC (2011) A method for the analysis of assumptions in
model-based environmental assessments. Environmental Modelling & Software Thematic
Issue on the Assessment and Evaluation of Environmental Models and Software
26, 289-301.

Kuhnert PM, Martin TG and Griffiths SP (2010) A guide to eliciting and using expert knowledge in
Bayesian ecological models. Ecology Letters 13(7), 900-914.

Kynn M (2008) The ‘heuristics and biases’ bias in expert elicitation. Journal of the Royal Statistical
Society: Series A (Statistics in Society) 171, 239-264.

Leeds WB, Wikle CK, Fiechter J, Brown J and Milliff RF (2013) Modeling 3-D spatio-temporal
biogeochemical processes with a forest of 1-D statistical emulators. Environmetrics 24, 1-12.

Low-Choy S, O'Leary R and Mengersen K (2009) Elicitation by design in ecology: using expert
opinion to inform priors for Bayesian statistical models. Ecology 90, 265-277.

46 | Propagating uncertainty through models


http://data.bioregionalassessments.gov.au/submethodology/M05

References

Liu Q and Homma T (2009) A new computational method of a moment-independent uncertainty
importance measure. Reliability Engineering & System Safety Special Issue on Sensitivity
Analysis 94, 1205-1211.

Mastrandrea M, Field C, Stocker T, Edenhofer O, Ebi K, Frame D, Held H, Kriegler E, Mach K,
Matschoss P, Plattner G-K, Yohe G and Zwiers F (2010) Guidance note for lead authors of the
IPCC Fifth Assessment Report on Consistent Treatment of Uncertainties. Intergovernmental
Panel on Climate Change (IPCC). Viewed 4 May 2016, http://www.ipcc-
wg2.gov/meetings/CGCs/Uncertainties-GN_IPCCbrochure_lo.pdf.

Morris DE, Oakley JE and Crowe JA (2014) A web-based tool for eliciting probability distributions
from experts. Environmental Modelling & Software 52, 1-4.

Morris MD (1991) Factorial sampling plans for preliminary computational experiments.
Technometrics 33, 161-174.

Murray JV, Goldizen AW, O’Leary RA, McAlpine CA, Possingham HP and Choy SL (2009) How useful
is expert opinion for predicting the distribution of a species within and beyond the region of
expertise? A case study using brush-tailed rock-wallabies Petrogale penicillata. Journal of
Applied Ecology 46(4), 842—-851.

Murray LM (2013) Bayesian state-space modeling on high-performance hardware using LibBi. arXiv
preprint arXiv:1306.3277 28.

Nossent J (2012) Sensitivity and uncertainty analysis in view of the parameter estimation of a
SWAT model of the River Kleine Nete, Belgium. PhD thesis, Vrije Universiteit Brussel,
Vakgroep Hydrologie.

Nossent J, Elsen P and Bauwens W (2011) Sobol' sensitivity analysis of a complex environmental
model. Environmental Modelling & Software 26, 1515-1525.

Oakley JE, Brennan A, Tappenden P and Chilcott J (2010) Simulation sample sizes for Monte Carlo
partial EVPI calculations. Journal of Health Economics 29, 468—477.

Oakley J and O'Hagan A (2002) Bayesian inference for the uncertainty distribution of computer
model outputs. Biometrika 89, 769-784.

Oakley JE and O'Hagan A (2010) SHELF: the Sheffield Elicitation Framework (Version 2.0)
www.tonyohagan.co.uk/shelf.

O’Grady AP, Mount R, Holland K, Sparrow A, Crosbie R, Marston F, Dambacher J, Hayes K,
Henderson B, Pollino C and Macfarlane C (2016) Assigning receptors to water-dependent
assets. Submethodology M03 from the Bioregional Assessment Technical Programme.
Department of the Environment and Energy, Bureau of Meteorology, CSIRO and Geoscience
Australia, Australia. http://data.bioregionalassessments.gov.au/submethodology/M03.

O'Hagan A (1998) Eliciting expert beliefs in substantial practical applications. The Statistician 47,
21-35.

Propagating uncertainty through models | 47


http://www.ipcc-wg2.gov/meetings/CGCs/Uncertainties-GN_IPCCbrochure_lo.pdf
http://www.ipcc-wg2.gov/meetings/CGCs/Uncertainties-GN_IPCCbrochure_lo.pdf
http://www.tonyohagan.co.uk/shelf
http://data.bioregionalassessments.gov.au/submethodology/M03

References

O'Hagan A (2006) Bayesian analysis of computer code outputs: a tutorial. Reliability Engineering &
System Safety 91, 1290-1300.

O'Hagan A (2012) Probabilistic uncertainty specification: overview, elaboration techniques and
their application to a mechanistic model of carbon flux. Environmental Modelling & Software
Thematic Issue on Expert Opinion in Environmental Modelling and Management 36, 35-48.

O'Hagan A, Buck C, Daneshkah A, Eiser J, Garthwaite P, Jenkinson D, Oakley J and Rakow T (2006)
Uncertain judgements: eliciting experts’ probabilities. John Wiley & Sons, Ltd, Chichester.

O’Hagan A and Oakley JE (2004) Probability is perfect, but we can’t elicit it perfectly. Reliability
Engineering and System Safety 85, 239-248.

Patt A (2009) Communicating uncertainty to policy makers. In: Baveye P, Mysiak J and Laba M
(eds) Uncertainties in environmental modelling and consequences for policy making.
Springer, New York, 231-251.

Peeters LIM, Dawes WR, Rachakonda PR, Pagendam DE, Singh RM, Pickett TW, Frery E, Marvanek
SP and McVicar TR (2016) Groundwater numerical modelling for the Gloucester subregion.
Product 2.6.2 for the Gloucester subregion from the Northern Sydney Basin Bioregional
Assessment. Department of the Environment and Energy, Bureau of Meteorology, CSIRO and
Geoscience Australia, Australia.
http://data.bioregionalassessments.gov.au/product/NSB/GLO/2.6.2.

Plischke E, Borgonovo E and Smith CL (2013) Global sensitivity measures from given data.
European Journal of Operational Research 226, 536-550.

Ransley TR and Smerdon BD (eds) (2012) Hydrostratigraphy, hydrogeology and system
conceptualisation of the Great Artesian Basin. A technical report to the Australian
Government from the CSIRO Great Artesian Basin Water Resource Assessment. CSIRO Water
for a Healthy Country Flagship, Australia.

Razavi S, Tolson BA and Burn DH (2012) Review of surrogate modeling in water resources. Water
Resources Research 48, W07401. DOI: 10.1029/2011WR011527.

Refsgaard JC, van der Sluijs JP, Brown J and van der Keur P (2006) A framework for dealing with
uncertainty due to model structure error. Advances in Water Resources 29, 1586-1597.

Saltelli A and Annoni P (2010) How to avoid a perfunctory sensitivity analysis. Environmental
Modelling & Software 25, 1508-1517.

Saltelli A and Funtowicz S (2014) When all models are wrong. Issues in Science and Technology 30,
79-85.

Saltelli A and Marivoet J (1990) Non-parametric statistics in sensitivity analysis for model output: a
comparison of selected techniques. Reliability Engineering & System Safety 28, 229-253.

Saltelli A, Annoni P, Azzini |, Campolongo F, Ratto M and Tarantola S (2010) Variance based
sensitivity analysis of model output. Design and estimator for the total sensitivity index.
Computer Physics Communications 181, 259-270.

48 | Propagating uncertainty through models


http://data.bioregionalassessments.gov.au/product/NSB/GLO/2.6.2

References

Saltelli A, Pereira AG, Sluijs JPVd and Funtowicz S (2013) What do | make of your latinorum?
Sensitivity auditing of mathematical modelling. International Journal of Foresight and
Innovation Policy 9, 213-234.

Saltelli A, Ratto M, Andres T, Campolongo F, Cariboni J, Gatelli D, Saisana M and Tarantola S (2008)
Global sensitivity analysis. The primer. John Wiley & Sons, West Sussex, England, 292p.

Shao Q, Lerat J, Brink H, Tomkins K, Yang A, Peeters L, Li M, Zhang L, Podger G and Renzullo LJ
(2012) Gauge based precipitation estimation and associated model and product
uncertainties. Journal of Hydrology 444—445, 100-112. DOI:10.1016/j.jhydrol.2012.04.009.

Sobol 1 (1976) Uniformly distributed sequences with an additional uniform property. USSR
Computational Mathematics and Mathematical Physics 16, 236-242.

Sobol 1 (2001) Global sensitivity indices for nonlinear mathematical models and their Monte Carlo
estimates. Mathematics and Computers in Simulation The Second IMACS Seminar on Monte
Carlo Methods 55, 271-280.

Spiegelhalter D, Pearson M and Short | (2011) Visualizing uncertainty about the future. Science
333, 1393-1400.

Tomkins KM (2014) Uncertainty in streamflow rating curves: methods, controls and consequences.
Hydrological Processes 28(3), 464—481.

Turanyi T and Rabitz H (2000) Local methods. In: Saltelli A, Chan K and Scott M (eds) Sensitivity
analysis. Wiley, New York, 81-99.

van der Sluijs JP, Craye M, Funtowicz S, Kloprogge P, Ravetz J and Risbey J (2005) Combining
guantitative and qualitative measures of uncertainty in model-based environmental
assessment: the NUSAP system. Risk Analysis 25, 481-492.

Van Loon E and Refsgaard A (2005) Guidelines for assessing data uncertainty in river basin
management studies, HarmoniRiB Report. Geological Survey of Denmark and Greenland,
Copenhagen. Viewed 4 May 2016, http://harmonirib.geus.info/xpdf/d_2-1_guidelines.pdf.

Viney N (2016) Surface water numerical modelling. Submethodology M06 from the Bioregional
Assessment Technical Programme. Department of the Environment and Energy, Bureau of
Meteorology, CSIRO and Geoscience Australia, Australia.
http://data.bioregionalassessments.gov.au/submethodology/MO06.

Voinov A and Shugart HH (2013) ‘Integronsters’, integral and integrated modeling. Environmental
Modelling & Software Thematic Issue on the Future of Integrated Modeling Science and
Technology 39, 149-158.

Walker WE, Harremoes P, Rotmans J, van der Sluijs JP, van Asselt MBA, Janssen P and Krayer von
Krauss PM (2003) Defining uncertainty: a conceptual basis for uncertainty management in
model-based decision support. Integrated Assessment 4, 5-17.

Propagating uncertainty through models | 49


http://harmonirib.geus.info/xpdf/d_2-1_guidelines.pdf
http://data.bioregionalassessments.gov.au/submethodology/M06

References

Young P (2000) Stochastic, dynamic modelling and signal processing: time variable and state
dependent parameter estimation. In: Fitzgerald W, Smith R, Walden A and Young P (eds)
Nonlinear and nonstationary signal processing. Cambridge University Press, Cambridge, U.K,
74-114.

50 | Propagating uncertainty through models



Glossary

Glossary

The register of terms and definitions used in the Bioregional Assessment Programme is available
online at http://environment.data.gov.au/def/ba/glossary (note that terms and definitions are
respectively listed under the 'Name' and 'Description' columns in this register). This register is a list
of terms, which are the preferred descriptors for concepts. Other properties are included for each
term, including licence information, source of definition and date of approval. Semantic
relationships (such as hierarchical relationships) are formalised for some terms, as well as linkages
to other terms in related vocabularies.

with a coal seam gas (CSG) operation or coal mine. For example, activities during the production
life-cycle stage in a CSG operation include drilling and coring, ground-based geophysics and
surface core testing. Activities are grouped into components, which are grouped into life-cycle
stages.

expansions of baseline operations, that are expected to begin commercial production after
December 2012

associated with a subregion or bioregion. Technically, an asset is a store of value and may be
managed and/or used to maintain and/or produce further value. Each asset will have many values
associated with it and they can be measured from a range of perspectives; for example, the values
of a wetland can be measured from ecological, sociocultural and economic perspectives.

developments are taking place, or could take place, and for which bioregional assessments (BAs)
are conducted

of a bioregion, with explicit assessment of the potential direct, indirect and cumulative impacts of
coal seam gas and coal mining development on water resources. The central purpose of
bioregional assessments is to analyse the impacts and risks associated with changes to water-
dependent assets that arise in response to current and future pathways of coal seam gas and coal
mining development.
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Glossary

planned or unplanned — that link coal resource development and potential impacts on water
resources and water-dependent assets

fields that are in the baseline as well as those that are expected to begin commercial production
after December 2012

associated with a coal seam gas (CSG) operation or coal mine. For example, components during
the development life-cycle stage of a coal mine include developing the mine infrastructure, the
open pit, surface facilities and underground facilities. Components are grouped into life-cycle
stages.

set of information. Datasets may be spatial (e.g. a shape file or geodatabase or a Web Feature
Service) or aspatial (e.g. an Access database, a list of people or a model configuration file).

water-dependent assets resulting from coal seam gas and coal mining developments without
intervening agents or pathways

bioregional assessment (BA) context this is reported as the difference in groundwater level
between two potential futures considered in BAs: baseline coal resource development (baseline)
and the coal resource development pathway (CRDP). The difference in drawdown between CRDP
and baseline is due to the additional coal resource development (ACRD). Drawdown under the
baseline is relative to drawdown with no coal resource development; likewise, drawdown under
the CRDP is relative to drawdown with no coal resource development.

living environment interacting as a functional unit. Note: ecosystems include those that are
human-influenced such as rural and urban ecosystems.

comprising a combination of biotic and abiotic components and other elements which function
together.
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Glossary

place or occur within an ecosystem. It refers to the structural components of an ecosystem (e.g.
vegetation, water, soil, atmosphere and biota) and how they interact with each other, within
ecosystems and across ecosystems.

and/or quality of surface water or groundwater. An effect is a specific type of an impact (any
change resulting from prior events).

subregion is defined by the geological Gloucester Basin. It is located just north of the Hunter Valley
in NSW, approximately 85 km north-north-east of Newcastle and relative to regional centres is 60
km south-west of Taree and 55 km west of Forster.

permeability material), or water occurring at a place below ground that has been pumped,
diverted or released to that place for storage there. This does not include water held in
underground tanks, pipes or other works.

An impact might be equivalent to an effect (change in the quality or quantity of surface water or
groundwater), or it might be a change resulting from those effects (for example, ecological
changes that result from hydrological changes).

could result in an effect (change in the quality or quantity of surface water or groundwater). There
might be multiple impact modes for each activity or chain of events.

based on Failure Modes and Effects Analysis
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Glossary

water-dependent assets resulting from coal seam gas and coal mining developments with one or
more intervening agents or pathways

are expected to respond similarly to changes in groundwater and/or surface water due to coal
resource development. Note that there is expected to be less heterogeneity in the response within
a landscape class than between landscape classes. They are present on the landscape across the
entire BA subregion or bioregion and their spatial coverage is exhaustive and non-overlapping.
Conceptually, landscape classes can be considered as types of ecosystem assets.

of the Impact Modes and Effects Analysis (IMEA). For coal seam gas (CSG) operations these are
exploration and appraisal, construction, production, work-over and decommissioning. For coal
mines these are exploration and appraisal, development, production, closure and rehabilitation.
Each life-cycle stage is further divided into components, which are further divided into activities.

distribution within the model to produce large number of plausible scenarios. Each probability
distribution is sampled in a manner that reproduces the distribution's shape. The distribution of
the values calculated for the model outcome therefore reflects the probability of the values that
could occur.

the variable takes a value in any subset of the real numbers. It allows statements such as 'There is
a probability of x that the variable is between a and b'.

modelling, potentially changes due to changes in hydrological response variables (for example,
condition of the breeding habitat for a given species, or biomass of river red gums)

outside of the Assessment teams redo part or all of a bioregional assessment using the same
methods, models, data and software, but different computer systems
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Programme (including from Programme partner organisations) or a dataset created by the
Programme based on analyses conducted by the Programme for use in the bioregional
assessments (BAs)

presentation of outputs of a bioregional assessment (BA)

surface water: water that flows over land and in watercourses or artificial channels and can be

providing the methods and unencumbered models, data and software to the public so that
experts outside of the Assessment team can understand how a bioregional assessment was
undertaken and update it using different models, data or software

knowledge of an event, its consequence, or likelihood. For the purposes of bioregional
assessments, uncertainty includes: the variation caused by natural fluctuations or heterogeneity;
the incomplete knowledge or understanding of the system under consideration; and the
simplification or abstraction of the system in the conceptual and numerical models.

watertable, pore water pressure equals atmospheric pressure.
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evaluating or recovering various natural resources, such as hydrocarbons (oil and gas) or water. As
part of the drilling and construction process the well can be encased by materials such as steel and
cement, or it may be uncased. Wells are sometimes known as a ‘wellbore’.
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