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DISCLAIMER 

This report has been prepared by the New Zealand Institute for Earth Science Limited 
(Earth Sciences New Zealand) exclusively for West Coast Regional Council and for the 
specific purpose stated (‘Purpose’). It is based on available information and professional 
judgment at the time of preparation, and is subject to any limitations or assumptions set 
out in the report. Unless otherwise agreed in writing by Earth Sciences New Zealand, 
Earth Sciences New Zealand provides no warranty as to the use of the report other than by 
West Coast Regional Council for the Purpose and Earth Sciences New Zealand will not be 
liable for any loss, damage or expense (whether direct, indirect or consequential) arising 
from use of or reliance on this report or its contents by any person other than to West Coast 
Regional Council for the Purpose. 

PURPOSE 

This report provides analysis of local landslide-debris-inundation hazard and risk in the 
areas local to Runanga, Greymouth, Granity and Franz Josef. It provides a higher- (8 m) 
-resolution refinement of lidar-based model outputs previously provided in GNS Science 
Consultancy Report 2026/19. See Section 6 for a list of accompanying datasets. The data 
presented in this report are intended for use by West Coast Regional Council. 

USE OF DATA 

Date that Earth Sciences New Zealand can use associated data: 
August 2026 
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EXECUTIVE SUMMARY 

This report presents an 8 m lidar-based refinement of the regional landslide-debris-inundation hazard 
and risk analysis previously completed for the West Coast Emergency Management region (Leith et al. 
2025) and subsequently updated using a regional 25 m lidar-derived digital elevation model (DEM) 
(Leith and Dellow 2026). The present analysis applies higher-resolution terrain data within four selected 
Areas of Interest (AOIs) around Runanga, Greymouth, Granity and Franz Josef while maintaining 
consistency with the established Landslide Source-to-Inundation Process Model (LS-IPM) framework. 

The four AOIs were selected from 10 candidate localities provided by West Coast Regional Council. 
Prioritisation considered the number of residential and lifelines buildings exposed to mapped landslide-
debris-inundation hazard, the number of buildings with annual property loss risk (APLR) close to a 
selected planning threshold and the total APLR within each candidate area. 

The LS-IPM integrates probabilistic models of landslide susceptibility, debris production and 
downslope transport to generate spatially continuous estimates of: 

• landslide-debris flux 

• probability of landslide-debris inundation (Pi), and 

• APLR. 

Key Outcomes 

Adoption of the 8 m lidar-derived terrain improves representation of smaller landslide source areas, 
gullies, ridgelines, fan surfaces and channelised debris pathways. The resulting hazard and risk 
patterns are generally more spatially confined and more strongly controlled by local topography 
than those produced by the regional 25 m lidar model. 

Across the four AOIs, the 8 m model predicts lower aggregate annual exposure to residential-building 
damage than the 25 m model. This is consistent with the improved representation of uneven terrain, 
gullies and channels, which allows earlier debris deposition and reduces the lateral spreading and 
runout supported by smoother 25 m topography. 

The reduction in aggregate APLR does not imply a uniform reduction in hazard. The 8 m model identifies 
additional small source areas and better resolves individual debris pathways, producing localised 
increases in hazard or risk where these features coincide with buildings. As in the previous regional 
assessments, most modelled risk is concentrated in a small subset of buildings located close to debris 
pathways, gullies, fans or steep source areas. 

Interpretation and Application 

Within the refined AOIs, the 8 m outputs should be used in preference to the regional 25 m lidar outputs 
when interpreting local landslide-debris-inundation patterns, refining hazard overlays, screening areas 
of potential concern and prioritising further investigation. 

The outputs remain regional- to district-scale planning tools. These are likely to support Level B 
planning applications and may support some Level C applications where Council-adopted risk, 
uncertainty and confidence thresholds are met. They are not intended to replace site-specific 
assessment for property-level re-classification, subdivision, building-consent decisions, engineering 
design or critical-infrastructure assessment. 

The 8 m raster datasets may be displayed at map scales of up to approximately 1:10,000 in publicly 
facing GIS (geographic information system) applications. This improves spatial detail but should not 
be interpreted as property-scale accuracy. 
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Uncertainty 

The 8 m lidar-derived DEM reduces uncertainty associated with terrain representation. However, the 
regional landslide-susceptibility, sediment-production and vulnerability inputs have not been replaced 
with locally calibrated datasets. 

When these regional inputs are applied within smaller AOIs, local high and low values may not average 
out to the same extent as they do across the full region. This introduces an additional AOI-scale 
representativeness uncertainty. This effect was estimated using repeated sampling of different-sized 
AOIs from the regional input datasets and propagated through the LS-IPM Monte Carlo uncertainty 
framework. 

For a representative nominal 100 km² AOI, the recommended present-day APLR uncertainty bounds 
are approximately: 

• ±0.75 orders of magnitude (1-sigma), and 

• ±1.50 orders of magnitude (2-sigma). 

These values should be interpreted as equivalent uncertainty measures rather than exact statistical 
confidence intervals. The refined datasets improve local representation of hazard and risk, but 
additional local landslide, geomorphic, sediment-yield, geotechnical or engineering-geological 
assessment remains necessary where greater confidence is required. 
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1.0 Introduction 

1.1 Background 

Landslides pose a risk to life and property along the West Coast of the South Island. The region 
experiences active seismicity and high rainfall, both of which have triggered significant widespread 
landslide events, including the 1929 Murchison earthquake and the March 2019 storm. Rapidly moving 
landslides, including debris flows, debris avalanches and rock avalanches, typically present the 
greatest risk to life and property from landslides in alpine settings due to their potential for long runout 
distances, high vulnerability of people and property to debris impact and the often-prohibitive cost 
of mitigation. 

This report follows the completion of the regional landslide-debris-inundation analysis for West Coast 
Emergency Management (Leith et al. 2025) and subsequent lidar-based refinement for West Coast 
Regional Council (Leith and Dellow 2026). The original regional assessment used the Landslide 
Source-to-Inundation Process Model (LS-IPM) to generate regionally consistent datasets describing 
landslide-debris-inundation hazard, probability of inundation and annual property loss risk (APLR) 
based on the 25 m national photogrammetric digital elevation model (DEM) available at the time of 
contracting. The lidar refinement replaced that terrain model with a 25 m lidar-derived DEM, improving 
representation of slope geometry, contributing source areas and debris pathways while retaining full 
methodological consistency with the original LS-IPM framework. 

The updated regional assessment demonstrated that lidar-derived topography improves the spatial 
representation of landslide source areas and runout pathways. This led to more spatially refined 
patterns of landslide-debris flux, probability of inundation and APLR while maintaining regional-scale 
consistency with historical landslide-damage observations. In particular, the Phase 1 assessment 
indicated that adoption of lidar-derived terrain reduced uncertainty associated with DEM accuracy, 
leaving model parameters, geomorphic-process assumptions and vulnerability relationships as the 
primary residual sources of uncertainty. Recommended uncertainty bounds for the refined 25 m 
lidar-based APLR datasets were approximately ±0.75 orders of magnitude at the 1-sigma level and 
±1.75 orders of magnitude at the 2-sigma level. 

The current report presents the next stage of refinement, in which LS-IPM has been applied at 8 m 
resolution within four selected local Areas of Interest (AOIs). These local refinements use the 1 m 
West Coast lidar DEM (LINZ 2022) re-sampled to 8 m resolution. At this resolution, LS-IPM outputs 
provide a more realistic representation of landslide-debris-inundation hazard and risk by capturing 
potential landslides sourced from smaller topographic features and by more accurately simulating 
debris routing, channelisation and runout. The resulting datasets are suitable for presentation at 
maximum map scales of up to 1:10,000 in publicly facing GIS (geographic information system) 
applications, representing a substantial improvement in spatial detail relative to the original regional 
datasets. 

1.2 Purpose and Scope of this Report 

The purpose of this report is to document the 8 m lidar-based refinement of landslide-debris-inundation 
hazard and risk within four high-priority AOIs selected in consultation with West Coast Regional 
Council. The refined outputs are intended to improve the spatial reliability and planning utility of the 
regional LS-IPM datasets in areas where higher-resolution modelling is likely to provide the greatest 
benefit for hazard planning and prioritisation of further investigation. 
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The scope of this report includes: 

• a summary of the LS-IPM framework as applied to the 8 m local refinement; 

• description of the AOI selection process; 

• presentation and interpretation of refined 8 m landslide-debris flux, probability of inundation and 
APLR outputs; and 

• commentary on locality-specific uncertainties, including issues relating to lidar DEM quality, 
model resolution and interpretation of refined hazard extents. 

The methodological framework remains unchanged from Leith et al. (2025) and the Phase 1 lidar 
refinement. The principal difference is the use of 8 m lidar-derived terrain within selected local AOIs, 
rather than the 25 m lidar-derived DEM used for the regional refinement. This allows local topographic 
controls on landslide initiation and debris movement to be represented in greater detail while 
maintaining consistency with the regional hazard and risk assessment. 

The 8 m refinement is intended to support regional- and district-scale hazard planning, screening and 
prioritisation. It is not intended to replace site-specific landslide hazard or risk assessments where 
greater certainty is required for individual land-use, subdivision, building-consent or engineering-
design decisions. Where refined outputs indicate elevated risk, or where planning decisions require a 
higher level of confidence than can be provided by the modelled datasets, further site-specific 
assessment should be undertaken. 
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2.0 Selection of Local Areas of Interest 

The four AOIs refined in this report were selected to maximise the planning value of higher-resolution 
LS-IPM modelling. West Coast Regional Council initially provided a set of 10 potential localities for 
consideration. These candidate areas were reviewed alongside the Phase 1 regional lidar-based LS-IPM 
outputs (Leith and Dellow 2026) to identify locations where 8 m modelling was likely to provide the 
greatest additional value. 

Because landslide-debris-inundation modelling requires both potential source areas and downstream 
runout areas to be represented within the model domain, AOIs were not defined solely around 
exposed buildings or existing mapped hazard zones. Instead, each rectangular AOI was positioned to 
capture the relevant hillslope source areas, debris transport pathways and potential inundation zones. 
Catchment boundaries and ridgelines were used as an initial guide, with model extents manually 
adjusted where necessary to include adjacent source areas, allow for potential kinematic failure 
and avoid artificial truncation of debris pathways at the AOI boundary. 

A regional grid of potential rectangular AOIs was generated across the West Coast, with each candidate 
area constrained to approximately 100 km². We made use of a compilation of property data for the 
region (Scheele et al. 2023), based on CoreLogic property data, Toitū Te Whenua Land Information 
New Zealand (LINZ) property outlines and LINZ property parcels to classify the usage category for 
buildings across the region. The APLR values derived from the 25 m lidar DEM model were then 
extracted for building locations within each candidate AOI and summarised. In consultation with 
West Coast Regional Council, we extracted APLR values only for what we term ‘residential and 
lifelines’ buildings categorised as: 

• Lifestyle 

• Mixed residential/non-residential 

• Residential dwelling 

• Rest home 

• Commercial – accommodation 

• Hospital/clinic, and 

• Lifeline utilities. 

These values were used to calculate a prioritisation score reflecting the likely planning relevance of 
refinement, including the number of buildings exposed to mapped landslide-debris-inundation hazard 
(first term in Equation 2.1), the number of buildings with APLR values close to an acceptable risk 
threshold (second term in Equation 2.1) and the total APLR represented within each AOI (third term in 
Equation 2.1). 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙10 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴> −5 + 2 × 𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙10 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴> −6 𝑡𝑡𝑡𝑡 𝑙𝑙𝑙𝑙𝑙𝑙10 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴> −3 + 100 × ∑𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 Equation 2.1 

We selected an APLR threshold of 10-5 1/yr, as this was the recommended starting point for planning 
consideration in Leith et al. (2025). We considered buildings to be close to this threshold if the 
modelled risk was within an order of magnitude of the selected value. We applied a weighting of 2x to 
approximately raise the influence of ‘near threshold’ buildings to that of the ‘above threshold’ buildings 
(given that there are usually more buildings above the threshold than near it). Similarly, a weighting 
of 100x was applied to increase the sum of APLR to a similar magnitude to that of the first two terms. 
Table 2.1 presents a summary of priority scores for the top 10 candidate areas for refinement. 
The thresholds and multipliers employed in this analysis are selected for clarity and simplicity for the 
purpose of prioritising refinement locations and do not reflect physical quantities or relationships. 
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Figure 2.1 Location of the top 10 priority Areas of Interest identified for local refinement. 

The final AOIs were selected from this ranking, with preference given to areas where higher-resolution 
modelling was expected to have the greatest potential to influence hazard-planning outcomes. Priority 
was given to areas containing a larger number of buildings within mapped hazard zones, especially 
where refinement of the runout footprint could affect the number of properties included within a given 
risk or hazard threshold. The selected AOIs therefore represent locations where the 8 m assessment is 
expected to provide the greatest additional value relative to the regional-scale model by improving 
representation of smaller source areas, better resolving debris routing and channelisation and refining 
the spatial extent of mapped landslide-debris-inundation hazard. 

Table 2.1 Summary of inputs employed to derive Area of Interest priority rankings for the top 10 priority 
locations. APLR = annual property loss risk.  

Locality Name Area 
(km2) 

Building 
Count 

Buildings 
above 

Threshold 

Buildings 
near 

Threshold 

Sum of 
APLR 

Priority 
Score 

Priority 
Ranking 

Greymouth 154 2826 844 263 1.04 1474 1 

Runanga 154 3187 756 184 1.02 1226 2 

Franz Josef 103 315 91 21 2.31 364 3 

Granity 217 388 195 42 0.30 309 4 

Reefton 117 634 123 32 0.37 224 5 

Harihari 120 122 42 6 1.34 188 6 

Punakaiki 149 142 106 29 0.10 174 7 

Little Wanganui 143 137 54 49 0.01 153 8 

Barrytown 132 109 80 25 0.10 140 9 

Lake Kaniere 117 98 51 43 0.01 138 10 
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3.0 Landslide-Debris-Inundation Modelling 

The methodology adopted for this 8 m refinement follows the LS-IPM framework described in Leith et al. 
(2025) and applied in the 25 m lidar-based regional refinement presented in Leith and Dellow (2026). 
The LS-IPM combines probabilistic models of landslide source susceptibility, sediment production and 
downslope debris-routing to estimate landslide-debris flux and probability of inundation. These hazard 
outputs are then converted to APLR by combining inundation probability with representative debris-
impact vulnerability relationships for buildings. The model configuration, trigger scenarios, landslide 
volume classes, runout parameterisation and risk formulation remain unchanged from the previous two 
reports; the principal refinement undertaken here is the application of the same modelling framework 
to selected local AOIs using the West Coast lidar-derived DEM re-sampled to 8 m resolution, allowing 
smaller source areas and local debris pathways to be represented in greater spatial detail. 

In addition to re-calculating landslide-debris-inundation hazard and risk outputs, we also updated 
the uncertainty assessment for the local AOIs. This assessment builds on the uncertainty framework 
presented in the previous reports but reconsiders the relative contribution of spatial uncertainty 
associated with DEM accuracy, model resolution and the reduced size of the refined AOIs. Residual 
uncertainty associated with model assumptions, debris production, runout behaviour and vulnerability 
relationships are therefore considered when interpreting the refined 8 m hazard and risk outputs. 

Examples of calculated mean annual landslide-debris flux and APLR for the four selected AOIs are 
presented in Figures 3.1 and 3.2, where the left-hand column presents results from the 25 m lidar-based 
refinement (Leith and Dellow 2026) and the right-hand column presents the new 8 m resolution results 
derived from this study. Overall, the 8 m refinement leads to a reduction in landslide-debris travel 
distance, as the better-resolved topography offers more opportunities for movement to be arrested 
close to the source. This is expected and consistent with the expected decrease in both landslide travel 
distance and APLR when comparing the 8 m model results to those of the 25 m models, discussed 
in Appendix A7.6 of Leith et al. (2025). 
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Figure 3.1 Example of present-day mean annual landslide-debris flux at 25 m resolution (Leith and Dellow 

2026) and 8 m resolution (this study) for each of the top four ranked Areas of Interest (AOIs). 
In general, increasing the resolution of the LS-IPM provides a more realistic representation of 
topography. This has two primary effects: (1) capturing more potential landslide-source locations by 
improving the identification of smaller hillslopes (e.g. uplifted coastal cliffs in the Runanga / Cobden 
AOI) and (2) reducing the overall landslide-risk estimate by allowing earlier deposition in uneven 
topography and reducing spread of debris by better representing channels and gullies on flatter 
topography. 
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Figure 3.2 Example of present-day annual property loss risk at 25 m resolution (Leith and Dellow 2026) and 

8 m resolution (this study) for each of the top four ranked Areas of Interest (AOIs). In general, 
increasing the resolution of the LS-IPM provides a more realistic representation of topography. 
This has two primary effects: (1) capturing more potential landslide-source locations by improving 
the identification of smaller hillslopes (e.g. uplifted coastal cliffs in the Runanga / Cobden AOI) and 
(2) reducing the overall landslide-risk estimate by allowing earlier deposition in uneven topography 
and reducing spread of debris by better representing channels and gullies on flatter topography. 
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4.0 Uncertainty Analysis 

While the refined modelling demonstrates the influence of improved topographic resolution, it is 
equally important to quantify whether the refinement changes the confidence that can be placed in the 
resulting APLR estimates. 

4.1 Why Uncertainty Changes When the Model Area is Reduced 

The regional landslide-debris-inundation model uses input datasets that were developed to provide 
a consistent assessment across the wider West Coast region. These datasets include the earthquake-
induced landslide (EIL) susceptibility layer, the rainfall-induced landslide (RIL) susceptibility layer and 
the specific-sediment-yield (SSY) / sediment-production input used to estimate the amount of debris 
available to be mobilised by landslides. 

When these datasets are used across the full region, local areas with relatively high and low values 
tend to balance out. This is like estimating the average rainfall across an entire region: individual small 
catchments may be unusually wet or dry, but when many catchments are averaged together, the 
regional estimate becomes stable. 

When the model is refined over a smaller AOI, this averaging effect is reduced. A 100 km² AOI may 
fall mostly within terrain that is steeper, wetter, more landslide-prone or more erosive than the 
regional average. Alternatively, it may fall within terrain that is less susceptible or less erosive than 
average. The smaller AOI therefore samples only part of the regional variability. This introduces 
an additional uncertainty that is not caused by the lidar DEM or by the runout model itself but by the 
representativeness of the regional input datasets within the selected AOI. 

We refer to this as ‘AOI-scale representativeness uncertainty’. 

This uncertainty is particularly important where the input datasets are spatially clustered. For example, 
when high sediment-yield values occur in broad coherent zones, a 100 km² AOI may then lie mostly 
inside one of these zones rather than sampling the full regional range. In that case, the AOI value may 
differ substantially from the regional average, even though the regional dataset itself is unchanged. 

4.2 What This Uncertainty Does and Does Not Represent 

The AOI-scale uncertainty described here does not mean that the lidar data are less accurate. 
The 8 m lidar-derived DEM provides a more realistic representation of local topography, including 
gullies, slope breaks, fans and runout pathways. This improves the spatial realism of the refined 
landslide-debris-inundation model. 

Improved topographic detail does not improve other model inputs. The landslide-susceptibility 
and sediment-yield inputs remain regional datasets. If those regional inputs are applied to a relatively 
small AOI without additional local calibration, then the model will inherit uncertainty from how 
unrepresentative those input values are for the selected area. 

This means that an 8 m refinement may improve the spatial distribution of modelled hazard and risk, 
while the total uncertainty in absolute APLR remains partly controlled by the regional input datasets. 
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4.3 Evaluation of Area of Interest Uncertainty 

We employed three steps to evaluate the effect of AOI scale on the uncertainty of LS-IPM risk outputs: 

• We characterised the spatial autocorrelation of the regional input datasets, including both the 
short-range e-folding distance and the broader truncated integral correlation area. These metrics 
provide an indication of how spatially clustered each input dataset is and therefore how many 
effectively independent terrain domains may be represented within AOIs of different sizes. 

• We estimated AOI-scale representativeness uncertainty by quantifying the variability of the 
susceptibility (EIL and RIL) and SSY / sediment-production inputs when summarised over AOIs 
of different sizes. 

• We adopted the estimated AOI-scale representativeness uncertainties for a nominal 100 km² 
reference AOI, consistent with the contracted refinement scale, and propagated these through 
the Monte Carlo framework used to evaluate model uncertainty in Leith et al. (2025). 

Because several final AOIs are larger than 100 km², the adopted 100 km² representativeness 
uncertainty should be considered a conservative reference value unless AOI-specific uncertainty 
estimates are calculated. The uncertainty values adopted here are based on a nominal 100 km² 
reference scale, consistent with the contracted refinement scale. 

The first step provided insight into the spatial structure of each input dataset. Two related metrics were 
considered. The e-folding distance describes how quickly strong local similarity decays with distance, 
while the truncated integral correlation area accounts for weaker positive autocorrelation that may 
persist over longer distances. The e-folding distance is therefore useful for describing short-range 
spatial coherence, while the truncated integral correlation area provides a better indication of how 
many effectively independent terrain domains may be represented within an AOI. This is presented 
in Figure A1.2, and key metrics are listed in Table 4.1. 

The EIL and RIL inputs both show relatively short e-folding distances compared with the size of a nominal 
100 km² AOI. In contrast, the SSY input has a longer e-folding distance of approximately 15 km, indicating 
broader spatial coherence in sediment-production potential (see the Autocorrelation Length column 
in Table 4.1). However, e-folding distance alone does not fully describe AOI-scale representativeness. 
RIL inputs retain weak positive autocorrelation over broader spatial scales, as reflected in the larger 
truncated integral correlation area (see Figure A1.3 and Table 4.1). As a result, AOI-mean RIL values can 
vary substantially between 100 km² areas, producing a larger estimated representativeness uncertainty 
than would be inferred from the short-range autocorrelation length alone. 

The second step estimated AOI-scale representativeness uncertainty directly by repeatedly sampling 
AOIs of different sizes across each regional input dataset and comparing the AOI-aggregated values 
with the equivalent regional expectation. While the metrics derived from the first step were used 
to characterise the spatial characteristics of each dataset (i.e. why this variability occurs), the sampled-
AOI ratios provide the uncertainty values used in the Monte Carlo analysis. 

This analysis treats between-AOI variability as a proxy for possible local representativeness 
uncertainty. It does not mean that mapped spatial variation in the regional input datasets is itself an 
error. Rather, it reflects the assumption that, when a regionally calibrated input is applied to a smaller 
AOI, the selected area may sample a locally high or low part of the regional distribution, and that 
this local offset may not fully average out at the scale of interpretation. This is presented in Figure A1.3, 
and key metrics are listed in Table 4.1. 

The resulting uncertainty values are therefore proxy estimates. These are based on the spatial structure 
of the regional datasets and are not constrained by local validation data within each AOI. They are 
considered appropriate for estimating the generic effect of reducing the interpretation scale to 
approximately 100 km², but they should not be interpreted as replacing local landslide, geomorphic 
or sediment-yield information where such information is available. 
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Based on the sampled-AOI uncertainty analysis presented, we estimate the following increases in 
uncertainty for the three key spatial-input datasets: 

Table 4.1 Summary of Area-of-Interest-scale representativeness uncertainty for key spatial-input datasets. 
EIL = earthquake-induced landslide; RIL = rainfall-induced landslide; SSY = specific sediment yield. 

Spatial Dataset 
Autocorrelation 

Length (km) 
(e-folding threshold) 

Truncated Integral 
Correlation Area 

(km2) 

100-km2-Scale 
Representativeness 

Uncertainty at 1-Sigma 
(log10) 

Equivalent 
Multiplier 

EIL 0.18 157 0.405 2.5x 

RIL 1.14 1330 0.795 6.2x 

SSY 15.1 6252 0.638 4.3x 

Although the RIL dataset reaches the e-folding threshold over relatively short distances, its larger 
integral correlation area indicates that weak positive autocorrelation persists over broader spatial 
scales. As a result, AOI-mean RIL values can vary substantially between 100 km² areas, producing 
larger estimated AOI-scale representativeness uncertainty (see the fourth column in Table 4.1 above) 
than would be inferred from the e-folding distance alone. 

In the third step, we updated the parametric uncertainty calculation described in Appendix 7 of 
Leith et al. (2025) to include the additional scale-representativeness uncertainties. These uncertainties 
were represented as additional coherent lognormal multipliers applied to the relevant EIL, RIL and SSY 
input groups during Monte Carlo sampling. These were therefore propagated through the LS-IPM 
sensitivity structure rather than added directly to final APLR. Parameters were first tested individually, 
in order to evaluate their individual impact on APLR, and then the combined impacts were tested by 
re-calculating the Monte Carlo analysis, employing a Latin hypercube sampling of the full parameter 
space (see Leith et al. [2025] for further details). 

The one-at-a-time parameter variation indicated that the additional AOI-scale uncertainties have a 
variable effect on calculated APLR. Expressed as the log10 fractional change in APLR, relative to the 
baseline value, the largest response was associated with SSY, with changes of approximately 100.7, 
or about five times the baseline APLR in the most sensitive locations. The EIL susceptibility multiplier 
produced changes of approximately 10-0.3, equivalent to about 50% of the baseline APLR, while the 
RIL susceptibility multiplier produced changes of approximately 10-1.4, equivalent to about 4% of 
the baseline APLR. These values describe the magnitude of change caused by each parameter 
perturbation, rather than the absolute APLR value itself. 

Exploring the full parameter space through the Monte Carlo simulation indicates that the parametric 
uncertainty for a 100 km2 AOI increased from ±0.40 to ±0.64 orders of magnitude at 1-sigma and 
from ±0.67 to ±1.11 orders of magnitude at 2-sigma (see Table 4.2). As in Leith et al. (2025), we assume 
that uncertainties are approximately independent and normally distributed in log10 space and employ 
the root-sum-of-squares method to calculate the total APLR uncertainty. The results are presented 
in Table 4.2 and indicate that the total estimated uncertainty for a representative 100 km2 AOI 
LS-IPM analysis based on the 8 m lidar DEM is ±0.69 and ±1.21 orders of magnitude at 1- and 2-sigma, 
respectively. As the calculated uncertainties do not always follow a normal distribution, these should 
be considered ‘equivalent’ to standard deviations rather than directly reflecting the traditional 
statistical definition. 

To avoid implying more precision than is justified, calculated uncertainties were rounded conservatively. 
Values were first rounded upward to the next 0.25 order-of-magnitude increment. Where a calculated 
value lay within 0.05 orders of magnitude below that increment, it was rounded upward by one additional 
0.25 order-of-magnitude increment. This rule gives recommended values of ±0.75 and ±1.50 orders 
of magnitude for the 1- and 2-sigma-equivalent uncertainty bounds, respectively. 
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Table 4.2 Calculation of Area of Interest (AOI)-scale total annual property loss risk uncertainties. DEM = Digital 
Elevation Model. 

Uncertainty Source of Uncertainty 
8 m Lidar-Derived DEM for 100 km2 AOI 

(order of magnitude) 

1-Sigma 2-Sigma 

Parametric 

Assumptions and parameters – full region 
±0.40 

(not used) 
±0.67 

(not used) 

Assumptions and parameters – 100 km2 AOI 
±0.64 

(adopted here) 
±1.11 

(adopted here) 

Spatial 

DEM accuracy 
±0 

(estimated) 
±0 

(estimated) 

Combined DEM and model resolution 
±0.25 

(estimated) 
±0.50 

(estimated) 

Total 
Total uncertainty ±0.69 ±1.21 

Recommended conservative estimate ±0.75 ±1.50 

4.4 Implications for the 8 m Lidar Refinement 

The 8 m lidar refinement improves the representation of topography and runout pathways within 
the selected AOIs. This is expected to improve the spatial detail of the modelled landslide-debris-
inundation hazard and APLR outputs. 

However, the refinement does not, by itself, remove uncertainty inherited from regional susceptibility 
and sediment-yield inputs. The AOI-scale analysis indicates that a 100 km² refinement area may still 
differ from the regional expectation because it samples only part of the regional terrain, the RIL and EIL 
susceptibility models and sediment-production variability. 

The refined outputs should therefore be interpreted as providing improved spatial resolution and 
improved local representation of debris-routing behaviour, rather than as removing all uncertainty from 
the underlying landslide source and sediment-production inputs. In practical terms, the 8 m refinement 
is most useful for identifying relative spatial patterns, local runout pathways, priority areas for further 
assessment and areas where more detailed local investigation may be warranted. 

Where the refined model indicates elevated hazard or risk, additional local information should be 
used where possible to reduce uncertainty. This may include checking the local landslide inventory, 
reviewing geomorphic evidence, mapping debris fans and gullies, assessing local erosion or sediment-
yield behaviour, evaluating the effects of anthropogenic (human-made) earthworks and incorporating 
engineering geological judgement specific to the AOI. 
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5.0 Discussion 

5.1 Comparison of 25 m and 8 m Annual Property Loss Risk Results for 
Residential Structures 

Comparison of residential-building APLR curves for the four refined AOIs indicates that the 8 m model 
predicts lower absolute annual exposure to building damage than the 25 m lidar-derived regional 
model across all trigger- and movement-type combinations (Figure 5.1, note the different scaling 
of the Y-axes on the 25 m and 8 m plots). The relative ordering of the risk components remains 
broadly consistent between the two model resolutions: flow-type movements dominate the predicted 
exposure, particularly earthquake-induced flows, while avalanche-type movements contribute 
a smaller proportion of the total APLR. The Representative Concentration Pathway RCP6 2081–2100 
climate scenario increases rainfall-induced APLR relative to the present-day case, whereas 
earthquake-induced APLR remains effectively unchanged because the EIL inputs are not modified 
under the climate-change scenario. In both the 25 m and 8 m outputs, exposure remains strongly 
concentrated in a small subset (~3%) of the highest-risk residential buildings, with the curves 
declining rapidly as these buildings are progressively excluded. 

 
Figure 5.1 Mean annual property loss risk sampled at residential-building locations within the four Areas of 

Interest. The APLR derived from the 25-m-resolution model (Leith and Dellow 2026) is presented on 
the left for reference, while the 8 m resolution data derived from this report is presented on the right. 
The x-axis shows the percentage of highest-risk buildings progressively excluded from the calculation, 
while the y-axis shows annual exposure expressed as the equivalent number of buildings with 100% 
damage (note the differing scales in the 25 m and 8 m plots). The annual exposure to building damage 
illustrates how the progressive exclusion of high-risk-building locations affects the overall annual 
property loss risk, showing that rainfall- and earthquake-induced flow movements dominate the risk 
profile. The risk is further differentiated between present-day (PD) and future (RCP6) climate scenarios. 

The reduction in total AOI-scale exposure in the 8 m model is consistent with the expected effect 
of higher-resolution terrain representation discussed in the previous reports (Leith et al. 2025; Leith 
and Dellow 2026). The 25 m model provides a spatially consistent regional representation of APLR, 
but the smoother terrain surface tends to support more laterally extensive debris spreading and longer 
calculated runout across planar or gently convex landforms. In contrast, the 8 m lidar-derived DEM 
better resolves local gullies, slope breaks, fan surfaces, ridgelines and channelised runout pathways. 
As illustrated in Figure 3.2, this results in more spatially confined and topographically controlled APLR 
patterns within the four AOIs, with hazard concentrated along gullies, channels and fan axes rather than 
distributed more broadly across the lower slopes and adjacent developed areas. The 8 m refinement can 
therefore reduce aggregate exposure across the AOIs while still identifying localised areas of increased 
APLR where smaller source areas or better-resolved debris pathways coincide with buildings. 
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The steep decline in all curves as the highest-risk buildings are progressively excluded indicates that 
most modelled risk is associated with a small subset of buildings located close to mapped debris 
pathways, gullies, fans or steep source areas. These results are consistent with the previous regional 
assessments but should be interpreted as applying only to residential buildings within the four high-
priority AOIs selected for refinement, rather than as representative of the full West Coast building stock. 

5.2 Comparison with Natural Hazards Commission Toka Tū Ake Claims Data 

As a high-level reasonableness check, we compare the predicted rate of annual residential-building 
loss with annualised records of natural-landslide damage within the Natural Hazards Commission 
Toka Tū Ake (NHC) claims database. The sum of modelled complete economic loss-event frequencies 
for RILs under present-day climate conditions indicates an average of 0.2 residential-building losses 
across the four AOIs per year. This is well below the NHC claims data for the AOIs, which shows 
that private-property owners have registered a total of 47 natural-landslide-related claims since 1997. 
On average, this equates to 1.8 claims per year, approximately 9x higher than the present-day RIL APLR. 

The reason for this discrepancy is likely a combination of factors: 

1. Although no data are available to determine the proportion of economic loss associated with 
these claims, we expect many to be less than full-loss events. Were each claim to equate to 
(say) 10% of the value of each affected property, the sum of total economic property losses 
(as assumed in the APLR calculation) would be similar to our modelled rate. 

2. Estimated 1-sigma uncertainties on the APLR data are ±0.75 orders of magnitude. The calculated 
APLR for RILs can therefore be expected to ‘likely’ range from 0.04 yr-1 to 1.12 yr-1 within the 
four AOIs. Adopting the 2-sigma uncertainty (±1.50 orders of magnitude), the same APLR can be 
expected to ‘possibly’ range from 0.006 yr-1 to 6.32 yr-1. The upper range for both statistical 
confidence intervals is within an order of magnitude of the historical claims rate. 

3. Climate change may already be affecting the historical records. Rainfall-induced APLR in the 
four AOIs for the RCP6 2081–2100 scenario is calculated to be approximately 0.25 yr-1. Adopting 
the 2-sigma uncertainty for the present-day as a representative value for the 1-sigma uncertainty 
for the RCP6 scenario (as recommended in Leith et al. [2025]) would suggest a ‘likely’ upper-
bound rainfall-induced APLR of 7.9 yr-1 across these regions. This is well above the historical 
average of NHC claims data, and even a modest climate-change impact may have already begun 
to skew the data. 

4. Visual inspection of some claim locations indicates that several may have been associated 
with anthropogenically modified slopes. Unsupported cut slopes, poorly maintained retaining 
structures, non-engineered fill slopes and/or modified surface and subsurface drainage paths 
can all contribute to rates of landslide-sediment production and susceptibility to failure during 
rainfall events. These effects are not included in our regional input datasets and the resulting 
impact on APLR has therefore not been captured. 

5. The statistical significance and accuracy of the NHC claims data has not been tested. As a result, 
inherent biases in the claims data may under- or over-estimate the long-term rate of property 
damage in the selected AOIs. 

Overall, assuming that not all claims have been for full economic property-loss events, the calculated 
APLR and NHC claims data are consistent within the likely uncertainty bounds. However, potential 
effects of climate change, as well as anthropogenic slope modification, have possibly played a role 
in elevating the rate of residential-building-damage events. These effects should be considered when 
adopting datasets for planning purposes and provide good reasons for local site inspection and analysis. 
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5.3 Insights into Event-Induced Building Risk 

The event-based model outputs provide additional insight into the potential consequences of 
individual landslide-inducing events within each Annual Recurrence Interval (ARI). Using the same 
residential and lifeline building dataset employed to prioritise AOIs in Section 2, we sampled the 
event-based property loss risk (EPLR) at building locations. Consistent with Leith et al. (2025), EPLR 
represents the equivalent number of buildings expected to incur complete economic loss during 
a single triggering event. For the purposes of this assessment, the vulnerability function developed 
for residential buildings was assumed to provide a reasonable approximation of economic damage 
to non-residential lifeline structures. 

The resulting EPLR estimates are summarised in Table 5.1, together with the median peak ground 
accelerations (PGA) (Bradley et al. 2017) used to generate EIL susceptibility and the mean 24-hour 
rainfall totals (Carey-Smith et al. 2018) used to derive RIL susceptibility. 

Table 5.1 Summary of event-based property loss risk (EPLR) for residential and lifelines structures within 
each of the four priority Areas of Interest. The building dataset considered here is broader than the 
residential and lifestyle properties used for comparison with NHC claims data in Sections 5.1 and 
5.2. Consequently, the calculated APLR and EPLR estimates are higher than those derived for the 
residential-only dataset. ARI = annual recurrence interval; PGA = peak ground acceleration. 
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(%) 
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Greymouth 2826 0.33 218 2.83 239 3.15 265 3.52 0.495 7.15 

Runanga 3187 0.31 199 2.29 218 2.61 242 2.90 0.417 8.10 

Franz Josef 315 0.08 512 0.42 563 0.41 629 0.66 0.179 2.48 

Granity 388 0.04 214 0.28 237 0.30 267 0.31 0.219 0.81 

Greymouth and Runanga consistently exhibit the highest EPLR of the four AOIs. RIL debris inundation 
is estimated to result in the equivalent of 2.3–3.5 complete building losses per event, depending 
on rainfall ARI, while the maximum expected ground shaking associated with an AF8 scenario results 
in approximately eight equivalent building losses in each locality. In contrast, the Franz Josef and 
Granity AOIs exhibit EPLR values approximately one order of magnitude lower, broadly reflecting the 
approximately order-of-magnitude fewer buildings considered within these areas. 

The event-based estimates also provide useful context for interpreting the corresponding APLR values. 
With the exception of Franz Josef, EPLR increases only modestly with event magnitude. For Greymouth, 
Runanga and Granity, the EPLR associated with a 50-year rainfall event is already approximately 
80–90% of that associated with the 250-year rainfall event, while Franz Josef displays an exceptionally 
consistent risk profile across all rainfall ARIs and the AF8 scenario. This relatively flat response 
reflects both the threshold behaviour of landslide initiation and the tendency for topography to 
constrain runout into persistent flow paths. Once a sufficiently large triggering event initiates failures, 
subsequent increases in event magnitude tend to affect similar source areas and route debris along 
similar pathways, placing much of the same building stock at risk. 

An implication of this behaviour is that historical claims records may over-represent annual risk relative 
to present-day model predictions if the historical period contained a greater frequency of landslide-
inducing rainfall events, even where those events did not reach the rainfall totals associated with the 
modelled 50-year ARI. 
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It is important to note that the uncertainties associated with EPLR estimates have not yet been 
quantified. Consequently, the results presented in Table 5.1 should be interpreted primarily as an 
indication of the relative impacts of different triggering scenarios rather than absolute predictions 
suitable for planning or emergency management. Uncertainty in both the magnitude of the triggering 
events and their spatial representativeness will compound the uncertainties already associated with 
the APLR estimates. Accordingly, the overall uncertainty associated with EPLR is expected to exceed 
that quantified for APLR elsewhere in this report. 
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6.0 Project Deliverables 

The landslide-debris-inundation hazard and risk analysis evaluates the probability of landslide initiation 
and debris travel as (1) the mean annual product of foreseeable rainfall- and earthquake-inducing 
events and (2) a result of four credible landslide-inducing scenarios. These include: 

• Scenario 1: Present-day precipitation triggers based on 50-, 100- and 250-year ARI 24-hour 
precipitation totals derived from the High-Intensity Rainfall Design System (HIRDS) V4 model 
(Carey-Smith et al. 2018). This does not represent individual rainfall ‘events’, as the equivalent 
maximum precipitation is not expected to occur across the entire region. The rainfall used 
reflects the maximum likely precipitation for a rainfall event of a given ARI anywhere in the region. 

• Scenario 2: Future precipitation triggers based on 50-, 100- and 250-year ARI 24-hour 
precipitation totals derived from the HIRDS V4 model rainfall projections for a future RCP6 
scenario (Carey-Smith et al. 2018). This does not represent individual rainfall ‘events’, as the 
equivalent maximum precipitation is not expected to occur across the entire region. The rainfall 
used reflects the maximum likely precipitation for a rainfall event of a given ARI anywhere in 
the region. 

• Scenario 3: A regional earthquake trigger based on 100-, 250-, 500- and 1000-year ARI PGA 
derived from the New Zealand National Seismic Hazard Model 2022 (Gerstenberger et al. 2022). 
This does not represent individual earthquake ‘events’, as maximum shaking is not expected to 
affect the entire region in a given event. The rupture model used produces the maximum likely 
PGA for an earthquake event of a given ARI anywhere in the region. 

• Scenario 4: Complete rupture of the Alpine Fault throughout the West Coast (e.g. based on PGA 
derived from the AlpineF2K rupture model [Bradley et al. 2017]). This does not represent an 
Alpine Fault ‘event’, as rupture of the Alpine Fault is not always expected to extend the length of 
the entire region. The rupture model used produces the maximum likely PGA for an Alpine Fault 
event anywhere in the region. 

All model outputs are provided as geo-located rasters at a nominal spatial resolution of 8 m. The mean 
annual landslide-debris flux, mean annual probability of inundation (Pi) and mean APLR may be the 
most useful datasets in terms of hazard and risk, respectively. 

• Landslide-debris flux: This dataset describes the average volume of landslide debris likely 
to pass a given location in a given year or in response to a given trigger. Landslide-debris flux 
can be useful for determining landslide-hazard zones (i.e. areas that have the potential for 
debris inundation) and scoping the scale of mitigation and/or remedial options in areas where 
inundation risk is deemed unacceptable. 

• Probability of inundation (Pi): This dataset describes the annual probability of landslide 
debris of any volume inundating a given location. It can be useful for determining areas at risk 
of (or ‘susceptible’ to) any inundation events. Pi does not consider the vulnerability of elements 
in the study region. 

• APLR: This dataset describes the annual probability of landslide debris damaging a hypothetical 
building beyond repair. It can be useful for determining areas at risk of (or ‘susceptible’ to) 
significant inundation events. APLR cannot be directly transferred to evaluate risk to elements 
with differing vulnerabilities (e.g. people, vehicles or isolated power/telecommunications 
infrastructure). 

Due to uncertainties associated with the calculation of landslide debris-inundation hazard and 
risk in this study (see Section 4), we recommend that a maximum zoom be fixed at 1:10,000 for 
publicly facing GIS applications. 

Key landslide-debris flux and APLR deliverables are briefly described in the following section. 
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6.1 Deliverables for Landslide-Debris Flux 

All maps are at 8 m resolution. In the text below, the Greymouth AOI is used as the example for each 
of the map products. Similar maps are provided for the Granity, Runanga and Franz Josef AOIs. 

6.1.1 Mean Annual Hazard Maps 

These maps indicate mean annual landslide-debris-flux hazard throughout the regions integrated 
over all foreseeable rainfall- and earthquake-inducing events (e.g. how much debris is likely to pass 
a specific location in a given year [m3/m2]). 

To view the present-day mean annual landslide-debris flux for the Greymouth AOI, see the dataset 
named ‘GREYMOUTH_LIDAR_PD_MaterialFlux_MeanAnnual_8m’. 

6.1.2 Hazard Maps for Scenarios 1–4 

These maps indicate landslide-debris-flux hazard throughout the region as a result of landslides 
generated by events in Scenarios 1–4 (e.g. how much debris is likely to pass a specific location for 
a given event [m3/m2]). 

To view the present-day landslide-debris flux associated with a HIRDS V4 50-year ARI precipitation 
event for the Greymouth AOI, see the dataset named ‘GREYMOUTH_LIDAR_PD_MaterialFlux_ 
HIRDS_ARI50_8m’. 

6.2 Deliverables for Probability of Inundation 

6.2.1 Mean Annual Probability Maps 

These maps delineate mean annual probability of inundation by any volume of landslide debris (e.g. the 
probability of some debris passing this location in a given year). 

To view the RCP6 2081–2100 climate-scenario mean annual probability of inundation for the Greymouth 
AOI, see the dataset named ‘GREYMOUTH_LIDAR_RCP6_PI_MeanAnnual_8m’. 

6.2.2 Scenario-Specific Maps 

These maps delineate the probability of inundation by any volume of landslide debris in a given scenario 
(e.g. the probability of some debris passing this location in this scenario). 

To view the RCP6 2081–2100 climate-scenario AF8 scenario-specific probability of debris inundation 
for the Greymouth AOI, see the dataset named ‘GREYMOUTH_LIDAR_RCP6_PI_AF8_8m’. 

6.3 Deliverables for Annual Property Loss Risk 

6.3.1 Mean Annual Risk Maps 

These maps delineate mean annual probability that a hypothetical building will sustain damage such 
that it is uneconomic to repair (e.g. the probability of a building being destroyed in a given year). 

To view the present-day mean annual APLR risk for the Greymouth AOI, see the dataset named 
‘GREYMOUTH_LIDAR_PD_APLR_MeanAnnual_8m’. 
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6.3.2 Scenario-Specific Risk Maps 

These maps delineate the probability that a hypothetical building will sustain damage in a given 
scenario such that it is uneconomic to repair (e.g. the probability of a building being destroyed in a 
given scenario). 

To view the present-day mean annual scenario-specific APLR risk for the Greymouth AOI, see the 
dataset named ‘GREYMOUTH_LIDAR_PD_APLR_AF8_8m’. 
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7.0 Applying these Results 

Table 7.1 Application of the results for planning purposes. Refer to Section 5.3.3.2 of Leith et al. (2025) for the 
decision-making framework. 

Application of Results for Planning Purposes 

Key Metrics 

• Landslide-debris flux (m³/m² per year): Volume of debris expected to pass through a location annually. 

• Probability of inundation (Pi) (one per year): Likelihood that debris reaches a location in a given year. 

• Annual Property Loss Risk (APLR) (loss per year): Probability that a generic building at a location will be damaged 
beyond economic repair annually. 

Risk-Tolerance Thresholds 

• A risk-tolerance threshold for acceptability of APLR = 1×10-5/year (1 in 100,000) is recommended as a starting point 
for existing risks. 

• Thresholds may vary depending on activity type, societal norms and planning level. 

Uncertainty Interpretation 

• Adopt uncertainties consistent with the 1-sigma (standard deviation) (84th percentile) confidence interval. 

• Present-day climate: APLR uncertainty at 1-sigma is ±0.75 orders of magnitude. 

• RCP6 2081–2100 climate scenario: APLR uncertainty at 1-sigma is estimated to be ±1.5 orders of magnitude. 

Practical Implication 

When applying a risk-tolerance threshold, uncertainty must be included. For example, if the threshold is 1×10-5/year and 
uncertainty is ±0.75 orders of magnitude, then any location with APLR less than 5.6×10-5/year is statistically unlikely 
to exceed the threshold. This means that locations with APLR values below the threshold adjusted for uncertainty can 
be considered as having Acceptable Risk under the current planning framework. 

Use of Results for Planning Purposes (refer to Table 7.2 for planning-level descriptions) 

• Residual uncertainties limit the application of outputs for specific planning activities (see Table 7.2). 

• Raster datasets should be presented at a maximum zoom of 1:10,000 for publicly facing GIS applications. 

• Present-day outputs are suitable for Level B and possibly Level C planning purposes. 

• RCP6 2081–2100 climate scenario outputs are suitable for Level A screening and possibly Level B planning purposes. 

• Reducing uncertainty by employing additional local constraints on key input datasets may make outputs suitable for 
Level B–C applications. 

• Outputs are not suitable for planning applications considered for Level D assessments without site-specific refinement. 

• Where risk exceeds thresholds or uncertainty is high, further analysis should: 

˗ Incorporate local geotechnical and hazard information. 

˗ Re-classify sites based on refined risk metrics. 

Use of Results for Emergency-Management Purposes 

• Estimates of event-based property loss risk (EPLR) for various rainfall and earthquake triggers within each AOI are 
presented in Table 5.1. 

• Uncertainties on these estimates are currently unconstrained and should be interpreted primarily as an indication 
of the relative impacts rather than absolute predictions suitable for planning or emergency management. 

7.1 Summary of Annual Property Loss Risk 

The 8 m refinement presented here reduces uncertainty associated with terrain representation and 
improves the spatial realism of mapped landslide-debris-inundation patterns. However, when applied 
to local 100 km² AOIs without additional local calibration, total APLR uncertainty remains controlled by 
regional landslide-susceptibility and sediment-production inputs. The 8 m outputs should therefore 
be interpreted as a higher-resolution local refinement of hazard and risk patterns rather than as a 
site-specific risk assessment. 
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It is important to distinguish between the spatial extent over which LS-IPM is run and the scale at which 
the outputs are applied. If an 8 m LS-IPM refinement were undertaken for the full West Coast region, 
the modelled values within the four AOIs would be expected to be broadly consistent with those 
presented here, aside from possible differences associated with AOI-edge buffering. However, the 
uncertainty attached to those values would still depend on the scale of interpretation. When interpreted 
as part of a full-region dataset, regional landslide-susceptibility and sediment-production inputs are 
evaluated over the same broad domain for which these were developed, and local deviations from the 
regional expectation can partially average out. When the same values are used to inform planning 
within a 100 km² AOI, that regional averaging is reduced and uncertainty associated with the local 
representativeness of the regional inputs becomes more important. The AOI-scale uncertainty adopted 
in this report should therefore be interpreted as an application-scale uncertainty, rather than as a 
statement that the 8 m terrain model or runout results are less reliable than an equivalent full-region 
8 m product. 

The Landslide Planning Guidance (de Vilder et al. 2024) outlines five levels of landslide susceptibility, 
hazard and risk analysis and provides methodological guidance; Leith et al. (2025) updated this, 
tying residual uncertainty estimates to potential applications. An extract of this outline is included in 
Table 7.2, highlighting the five analysis levels and possible applications for the analysis at each level. 

Table 7.2 Indicative order-of-magnitude uncertainty thresholds and associated confidence levels that may be 
applied to determine the utility of annual property loss risk datasets for a range of planning purpose 
levels (Leith et al. 2025). 

Level 
Indicative 

Uncertainty 
Threshold 

Indicative 
Confidence 

Level 
Example Implication Application 

A >±1.25 
1-sigma  

(84th percentile) 

It is unlikely that the true 
annual number of events in 
an area will exceed about 
18× the expected value. 

This is the gateway assessment 
that determines where further 
assessment is required and where 
it will not be required. 

B ±1.00 
1-sigma  

(84th percentile) 

It is unlikely that the true 
annual number of events in 
an area will exceed about 
10× the expected value. 

This is the recommended minimum 
for plan-making and plan changes for 
rural (rural lifestyle and settlement), 
commercial and mixed use, industrial, 
residential (large lot or low density) 
and future urban zones. 

C ±0.75 
1-sigma  

(84th percentile) 

It is unlikely that the true 
annual number of events in 
an area will exceed about 
6× the expected value. 

This is the recommended minimum 
for plan‑making and plan changes for 
general residential, medium‑ and 
high‑density residential and tertiary 
education zones. 

D ±0.50 
1-sigma  

(84th percentile) 

It is unlikely that the true 
annual number of events in 
an area will exceed about 
3× the expected value. 

This can form the basis for district 
plans, as well as site-specific analysis. 

E ±0.50 
2-sigma  

(98th percentile) 

It is exceptionally unlikely that 
the true annual number of 
events in an area will exceed 
about 3× the expected value. 

This can form the basis for district 
plans; plan changes; and land‑use, 
subdivision and building consents. 
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The 8 m lidar refinement improves the spatial representation of landslide source areas and 
debris-routing pathways, gullies, fans and runout zones within the selected AOIs. Within these 
AOIs, the refined outputs should therefore be used in preference to the 25 m regional lidar outputs 
when interpreting the local spatial pattern of landslide-debris-inundation hazard or APLR. 

However, the 8 m refinement does not replace the regional landslide-susceptibility or sediment-
production inputs with locally calibrated datasets. As a result, total uncertainty in absolute APLR values 
remains partly controlled by how representative those regional inputs are within each 100 km² AOI. 
The refined outputs should therefore be interpreted as providing improved spatial resolution and 
improved local representation of debris-routing behaviour, rather than removing all uncertainty from 
the underlying landslide source and sediment-production inputs. 

On this basis, the 8 m AOI outputs can be considered appropriate for regional- and district-scale 
hazard planning, screening, refinement of hazard overlays and prioritisation of locations where further 
assessment may be required. These are likely to support Level B planning applications and may support 
some Level C applications where Council-adopted risk, uncertainty and confidence thresholds are 
met. They are not intended to provide a stand-alone basis for Level D or Level E planning applications, 
site-specific re-classification, subdivision or building-consent decisions without additional local 
landslide, geomorphic, geotechnical or engineering geological assessment. 

Table 7.3 Summary of landslide debris-inundation datasets and recommended uses. AOI = Area of Interest. 

Dataset Recommended role Planning level 

2025 25 m national-DEM regional 
model (Leith et al. 2025) 

Region-wide screening and historical baseline; 
identify areas where lidar refinement or further 
work is needed 

Level A, possibly Level B 

2026 25 m lidar regional model 
(Leith and Dellow 2026) 

Council-wide reference dataset; regional 
consistency; plan-making where uniform 
coverage is important 

Level B, possibly Level C 

2026 8 m AOI refinement 
(this study) 

Preferred dataset inside refined AOIs for local 
hazard-pattern interpretation, refined overlays, 
prioritisation and deciding where further 
assessment is needed 

Level B; possibly Level C if 
supported by local geomorphic 
review / Council-adopted 
thresholds 

Site-specific assessment 
Property-level reclassification, 
subdivision/building-consent support, 
engineering design, critical infrastructure 

Level D/E as appropriate 

7.2 Recommended Next Steps 

The 8 m refinement demonstrates that higher-resolution terrain data improves representation of 
landslide source areas, debris-routing pathways and runout behaviour within the selected AOIs. 
Although the refined modelling generally results in lower aggregate APLR than the regional 25 m lidar 
model, it provides a more realistic representation of local hazard patterns and therefore a stronger basis 
for hazard planning within the refined areas. Recommended next steps building from this work include: 

• Extend refinement to additional priority AOIs: 

The prioritisation methodology developed for this project identified six additional high-priority 
AOIs beyond those investigated here. Collectively, these remaining areas contain more than 
450 residential and lifelines buildings for which the regional 25 m lidar model predicts APLR 
values exceeding 10⁻⁵ yr⁻¹, with almost 200 additional buildings lying within approximately one 
order of magnitude of this threshold. Extending the 8 m refinement to these localities would 
provide a consistent level of assessment across the highest-priority locations identified by 
the regional screening process and would improve confidence in hazard overlays and planning 
decisions within those areas. 
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• Reduce uncertainty by constraining model inputs against local data: 

The present refinement improves only the representation of topography. The landslide 
susceptibility, sediment-production and vulnerability inputs remain derived from regionally 
calibrated datasets. Consequently, the greatest opportunity to further reduce uncertainty now 
lies in improving these regional inputs through targeted local investigations. Depending on 
locality, this could include: 

˗ refinement of RIL and EIL susceptibility mapping; 

˗ improved characterisation of sediment production and storage; 

˗ mapping of large, persistent or slow-moving landslides; 

˗ consideration of vegetation change and anthropogenic modification of slopes; and 

˗ collection of additional landslide inventory data for local model validation. 

• Calculate EPLR uncertainties: 

The EPLR results presented in Section 5.3 provide useful insight into the relative consequences 
of designed rainfall and earthquake scenarios. However, uncertainties associated with trigger 
magnitude, trigger spatial variability and model parameters have not yet been quantified for 
these event-based estimates. Before EPLR outputs are used to support emergency-management 
planning, evacuation planning or response exercises, an event-based uncertainty analysis 
should be undertaken using the same probabilistic framework applied to the APLR estimates. 

• Validate estimates against future or past event datasets: 

It is important to validate estimates against future events. As significant RIL or EIL events occur 
within the refined AOIs, observed landslide initiation, runout and damage should be systematically 
compared with the model predictions. Such observations would provide an opportunity to 
progressively calibrate susceptibility, runout and vulnerability relationships, reducing uncertainty 
in future versions of the LS-IPM. 

• Consider setting tolerance thresholds and integrating datasets into Te Tai o Poutini Plan: 

Finally, West Coast Regional Council should consider progressively integrating the refined 8 m 
datasets into Te Tai o Poutini Plan and associated hazard-planning processes. Within the refined 
AOIs, the 8 m datasets should replace the 25 m regional outputs for local hazard interpretation, 
refinement of hazard overlays and prioritisation of further investigations. Integration should 
be undertaken in conjunction with the Landslide Planning Guidance (de Vilder et al. 2024) and 
should remain sufficiently flexible to accommodate future changes to the national resource-
management framework. 
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8.0 Conclusions 

This report presents an 8 m lidar-based refinement of landslide-debris-inundation hazard and APLR 
for four high-priority AOIs at Runanga, Greymouth, Granity and Franz-Josef. The AOIs were selected 
to maximise the planning value of higher-resolution modelling based on the number of buildings 
exposed to mapped landslide-debris-inundation hazard, the number of buildings close to selected risk 
thresholds, and the total APLR represented within each candidate area. 

The 8 m refinement improves the representation of local topographic controls on landslide initiation, 
debris routing, channelisation and runout. Compared with the 25 m regional lidar model, the refined 
outputs generally show more spatially confined and topographically controlled debris pathways. 
This reduces aggregate residential-building APLR across the four AOIs while still identifying localised 
areas of elevated hazard and risk where smaller source areas or better-resolved debris pathways 
coincide with buildings. 

The updated uncertainty assessment indicates that reducing the scale of interpretation from the full 
region to a nominal 100 km² AOI can increase the importance of regional input-data representativeness. 
This does not indicate reduced accuracy of the lidar DEM. Rather, it reflects the fact that regional 
landslide-susceptibility and sediment-production inputs may not fully average out within smaller 
AOIs unless these are constrained by local data. We account for this effect using proxy AOI-scale 
representativeness uncertainties derived from sampled-AOI variability and propagated through the 
Monte Carlo uncertainty framework. 

For a representative 100 km² AOI, the recommended present-day APLR uncertainty bounds are ±0.75 
orders of magnitude at the 1-sigma-equivalent level and ±1.50 orders of magnitude at the 2-sigma-
equivalent level. These bounds should be interpreted as equivalent uncertainty measures rather than 
exact statistical confidence intervals, as the underlying Monte Carlo results are not always normally 
distributed in log10 space. 

Within the refined AOIs, the 8 m outputs should be used in preference to the 25 m regional lidar outputs 
for interpreting local landslide-debris-inundation patterns, refining hazard overlays and prioritising 
areas for further assessment. However, the outputs remain regional- to district-scale planning tools 
and are not intended to replace site-specific landslide hazard or risk assessments. Where decisions 
require property-level confidence, or where elevated hazard or risk is indicated, additional local 
landslide, geomorphic, sediment-yield, geotechnical or engineering geological assessment should 
be undertaken. 
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APPENDIX 1   Area of Interest Contributions to Parametric 
Uncertainty 

A1.1 Scale-Dependence in Spatial Uncertainty 

The 8 m lidar refinement improves the representation of local topography and landslide-debris 
inundation pathways within each 100 km² Area of Interest (AOI). However, the refinement does 
not, by itself, improve all regional model inputs. In particular, the earthquake-induced landslide (EIL) 
susceptibility, rainfall-induced landslide (RIL) susceptibility and specific-sediment-yield (SSY) inputs 
remain regional datasets. When these regional input layers are applied to smaller AOIs, an additional 
source of uncertainty is introduced because the selected AOI may not be representative of the full 
regional distribution. 

This issue is related to the spatial statistical concept of change of support, where the statistical 
properties of a spatial variable depend on the area, shape and scale over which it is evaluated (Gotway 
and Young 2002). It is also related to the modifiable areal unit problem, where spatial summaries can 
change depending on the size and placement of the area used for analysis (Gotway and Young 2002). 
In practical terms, a 10,000 km2 regional average may be relatively stable because it includes many 
different terrain-, rainfall- and landslide-process domains. A 100 km² AOI samples only a subset of 
those domains and may therefore have higher or lower susceptibility or sediment-yield characteristics 
than the regional expectation. 

The importance of this effect depends on spatial autocorrelation. Nearby raster cells are not 
independent; these tend to have similar values because they share similar geology, slope, rainfall, 
geomorphic setting and sediment-production conditions. Where this spatial autocorrelation persists 
over long distances, an AOI may contain fewer effectively independent terrain units than implied 
by the number of raster cells alone. Previous studies of uncertainty in spatial averages and totals 
have shown that aggregation uncertainty depends strongly on the spatial correlation structure of the 
underlying map errors (Wadoux and Heuvelink 2023, 2025). These studies demonstrate that uncertainty 
generally decreases as the aggregation area increases because high and low local errors or departures 
increasingly cancel each other out. The implication for this assessment is the reverse: reducing the 
support from the full regional model domain to a 100 km² refinement AOI reduces this averaging effect 
and can increase the uncertainty associated with regional input representativeness. 

Similar scale effects have also been demonstrated in applied small-area uncertainty estimation, 
where the standard error of parcel-scale spatial averages decreases with increasing parcel size 
(Johnson et al. 2025). There is a need to explicitly consider uncertainty at the spatial scale of the AOI 
relevant to decision-making, rather than assuming that the uncertainty estimated at a broader regional 
scale applies unchanged to smaller AOIs. At the same time, there is no single universally accepted 
method for evaluating and reducing this type of uncertainty in applied geospatial modelling, and recent 
reviews note that uncertainty quantification remains a challenging and under-standardised component 
of spatial modelling workflows (Koldasbayeva et al. 2024). 

For this report, we have adopted a pragmatic AOI-scale representativeness uncertainty method. 
The approach does not attempt to estimate the full prediction-error uncertainty of each regional input 
layer, which would require independent local validation data and estimates of the spatial covariance of 
map errors. Instead, it quantifies how much fixed-size AOIs sampled from the regional input datasets 
can differ from the regional expectation. This provides a transparent and reproducible estimate of the 
additional uncertainty introduced when regional susceptibility and sediment-yield inputs are applied 
to 100 km² lidar-refined AOIs. 
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The technical implementation is described in this appendix. In summary, spatial autocorrelation is 
first evaluated for each input layer to assess the scale over which values remain spatially coherent. 
Fixed-area AOIs are then repeatedly sampled from the valid regional-model domain, and the mean 
or area-integrated value of each sampled AOI is compared with the equivalent regional expectation. 
The standard deviation of these AOI-to-regional ratios in log10 space is used to define an AOI-scale 
uncertainty term, (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10). This value is converted to a multiplicative uncertainty factor and 
propagated through the Monte Carlo uncertainty analysis using coherent multipliers on the relevant 
susceptibility and sediment-yield input groups (similar to the approach of Sawicka et al. [2018]). 
This allows the model sensitivity structure to determine how much each AOI-scale input uncertainty 
affects the final annual property loss risk (APLR) estimate. 

A1.2 Spatial Autocorrelation and Effective Independence 

The reason that AOI size matters is that neighbouring cells in a raster are not independent. Nearby 
cells often have similar values because these share similar geology, rainfall, slope, landform or erosion 
characteristics (Acosta and Vallejos 2018; Griffith and Plant 2022). This similarity is described using 
spatial autocorrelation (Isaaks and Srivastava 1989). 

Spatial autocorrelation measures how similar values are as the distance between these increases. 
At zero distance, values are perfectly correlated because a cell is identical to itself. As distance 
increases, the correlation generally decreases. The distance over which the correlation remains high 
provides an indication of the size of coherent terrain domains in the dataset. 

A1.2.1 Spatial Autocorrelation Metrics 

Spatial autocorrelation was estimated from the autocovariance of each input raster. This calculation 
is distinct from the AOI-to-regional ratios used later in the representativeness analysis. Rather than 
comparing the mean or total value of one area with another, autocovariance measures whether raster 
cells separated by a given distance tend to depart from the regional mean in the same direction. 

For each input raster, valid cell values were first demeaned: 

𝑋𝑋(𝑠𝑠) = 𝑍𝑍(𝑠𝑠) − 𝜇𝜇 Equation A1.1 

where 𝑍𝑍(𝑠𝑠) is the raster value at location 𝑠𝑠, and 𝜇𝜇 is the mean value of all valid cells in the raster. 

The autocovariance 𝐶𝐶 for a lag vector 𝒅𝒅 was then calculated as the mean product of paired demeaned 
values separated by that lag: 

𝐶𝐶(𝒅𝒅) = 1
𝑁𝑁(𝒅𝒅)

∑ 𝑋𝑋𝑠𝑠 (𝑠𝑠)𝑋𝑋(𝑠𝑠 + 𝒅𝒅) Equation A1.2 

where 𝑁𝑁(𝐝𝐝) is the number of valid cell pairs separated by 𝒅𝒅. 

This value is positive where cells separated by 𝒅𝒅 tend to be similarly high or similarly low relative to the 
regional mean. It is close to zero where values separated by that distance are effectively unrelated and 
negative where high values tend to be paired with low values. 

Autocorrelation was then obtained by normalising the autocovariance by the zero-lag autocovariance: 

𝜌𝜌(𝒅𝒅) = 𝐶𝐶(𝒅𝒅)
𝐶𝐶(0) Equation A1.3 

where 𝐶𝐶(0) is the autocovariance at zero separation distance, equivalent to the variance of the 
raster values. This normalisation gives 𝜌𝜌(𝟎𝟎) = 1 and produces a dimensionless measure of spatial 
dependence. 
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Because the subsequent interpretation used distance rather than direction, the 2D autocorrelation 
surface was converted to a radial autocorrelation function by averaging values within distance bins: 

𝜌𝜌(ℎ) = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚[𝜌𝜌(𝒅𝒅): ∥ 𝒅𝒅 ∥≈ ℎ] Equation A1.4 

where ℎ is lag distance. The resulting radial autocorrelation curve describes how rapidly spatial 
similarity decreases with distance and was used to calculate both the e-folding distance and truncated 
integral correlation area. 

A1.2.2 Summary Metrics 

Two summary metrics were calculated from 𝜌𝜌(ℎ): the e-folding distance and the truncated integral 
correlation area. These are summarised graphically in Figure A1.1. 

The e-folding distance (𝐿𝐿𝑒𝑒) was defined as the first lag distance at which the autocorrelation decreased 
to (1/ 𝑒𝑒), or approximately 0.37: 

𝐿𝐿𝑒𝑒 =  𝑚𝑚𝑚𝑚𝑚𝑚{ ℎ:𝜌𝜌(ℎ) ≤ 𝑒𝑒−1} Equation A1.5 

where: 

𝑒𝑒−1 ≈ 0.37 

Where the autocorrelation curve crossed (1/𝑒𝑒) between two radial distance bins, 𝐿𝐿𝑒𝑒  was estimated 
by linear interpolation. This metric provides a simple measure of the distance over which strong local 
spatial coherence decays. However, it does not account for weaker positive autocorrelation that may 
persist at longer distances. 

For this reason, we also calculated the truncated integral correlation area (𝐴𝐴𝑐𝑐). This metric integrates 
the positive part of the radial autocorrelation function from zero lag to the first zero crossing: 

𝐴𝐴𝑐𝑐 = 2𝜋𝜋 ∫ 𝜌𝜌(ℎ) × ℎ 𝑑𝑑ℎℎ0
0  Equation A1.6 

where ℎ0 is the first lag distance at which 𝜌𝜌(ℎ) = 0. If no zero crossing occurred within the analysed 
lag range, ℎ0 was taken as the maximum lag distance considered. Negative autocorrelation values 
were not included in the calculation. 

The factor 2𝜋𝜋 ℎ arises because the autocorrelation function is radially averaged in two dimensions. 
At increasing lag distance, the number of possible cell pairs increases approximately with the 
circumference of an annulus. The integral correlation area therefore gives greater weight to persistent 
positive autocorrelation at larger distances than to the same autocorrelation value close to the origin. 

In discrete form, using radial lag bins (ℎ𝑗𝑗), the truncated integral correlation area was approximated as: 

𝐴𝐴𝑐𝑐 ≈ 2𝜋𝜋 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡�ℎ𝑗𝑗,𝜌𝜌�ℎ𝑗𝑗�ℎ𝑗𝑗� Equation A1.7 

using only lag bins between ℎ = 0 and the first zero crossing. 

The resulting value has units of area. It can be interpreted as the approximate area over which 
raster values are not fully independent because of spatial autocorrelation. A larger 𝐴𝐴𝑐𝑐  indicates that 
the input layer contains broader spatially coherent domains, so an AOI of fixed size contains fewer 
effectively independent samples of the regional input distribution. 
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The integral correlation area was then used to estimate the effective number of spatially independent 
domains within an AOI: 

𝑁𝑁𝑒𝑒𝑒𝑒𝑒𝑒 ≈
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
𝐴𝐴𝑐𝑐

 Equation A1.8 

where 𝐴𝐴AOI is the AOI area. Values of 𝑁𝑁eff less than 1 were treated as 1, reflecting the fact that an 
AOI cannot contain less than one effective spatial domain. 

The e-folding distance and integral correlation area therefore describe different aspects of the 
autocorrelation structure. The e-folding distance describes the local decay of strong spatial coherence, 
while the integral correlation area accounts for all positive autocorrelation up to the first zero crossing. 
The integral correlation area is therefore more relevant for estimating AOI-scale representativeness 
because even weak positive autocorrelation at longer distances can reduce the effective independence 
of values within a 100 km² AOI. 

 
Figure A1.1 Graphical representation of metrics employed to quantify spatial autocorrelation in input datasets. 

(A) describes the 1D representation of autocorrelation within a representative dataset and the 
characterisation of the lag distance to determine the e-folding length. (B) describes the 2D 
representation of the truncated integral correlation area. 

A1.3 Area-of-Interest Effects on Input-Data Uncertainty 

The e-folding threshold is a useful shorthand to describe the correlation length. The e-folding distance, 
defined as the lag distance at which autocorrelation decreases to (1/𝑒𝑒) (approximately 0.37), was used 
as an indicative correlation length. This provides a simple measure of the distance over which each 
input layer retains strong spatial coherence, but it is not treated as a hard independence threshold. 

Where autocorrelation decreases rapidly, a 100 km² AOI may contain many relatively independent 
patches of terrain. In this case, local high and low values can average out more effectively. 
Where autocorrelation persists over longer distances, a 100 km² AOI may contain fewer effectively 
independent terrain units. The AOI value may then be strongly influenced by the particular terrain 
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domain in which it is located. This is important for the West Coast refinement because the susceptibility 
and sediment-yield inputs show different spatial structures. Some inputs vary strongly over short 
distances, while others remain spatially coherent over longer distances. Inputs with broader spatial 
coherence, larger integral correlation areas or persistent weak long-range autocorrelation tend to 
retain higher AOI-scale uncertainty at 100 km² because the selected AOI may not sample enough 
independent terrain units to represent the full regional distribution. 

 
Figure A1.2 The short e-folding distance for earthquake-induced landslide (EIL) susceptibility indicates rapid 

local decorrelation. However, effective independence within a 100 km² AOI is better assessed using 
the integral correlation area, as weak longer-range autocorrelation can still reduce the number 
of independent spatial domains. The longer correlation length for specific sediment yield reflects 
broader spatial coherence and lower short-wavelength variability in that dataset. The e-folding 
threshold for each dataset is indicated by open circles. 

An evaluation of the spatial autocorrelation for the EIL, RIL and SSY datasets is presented in Figure A1.2. 
The e-folding distance provides a useful indication of the distance over which strong local spatial 
coherence decays, but the truncated integral correlation area provides a better indication of AOI-scale 
effective independence because it also accounts for weaker positive autocorrelation that persists 
over longer distances. This distinction is important for the evaluated datasets. EIL susceptibility has 
a very short e-folding distance of approximately 0.18 km and the smallest integral correlation area of 
approximately 157 km². RIL susceptibility reaches the e-folding threshold at approximately 1.14 km 
but retains a weak long-distance autocorrelation tail, producing a much larger integral correlation area 
of approximately 1330 km². Specific sediment yield has the longest e-folding distance, approximately 
15.1 km, and the largest integral correlation area, approximately 6252 km², indicating broad spatial 
coherence in sediment-production potential. These results show that e-folding distance alone can 
understate the importance of broader spatial structure, particularly for RIL, and that the integral 
correlation area is the more relevant autocorrelation metric for interpreting how much effective spatial 
independence may be represented within a nominal 100 km² AOI. 

A1.3.1 Method Used to Estimate Area-of-Interest-Scale Uncertainty 

We estimated AOI-scale representativeness uncertainty by spatially re-sampling the regional input 
datasets. The purpose of this analysis was to quantify how much the value of each input dataset can 
vary when it is summarised over AOIs of different sizes, assuming that the uncertainty scales with its 
variability at given scales. This does not treat mapped spatial variation itself as error; rather, it assumes 
that the potential local bias in a regionally calibrated input may scale with the observed variability 
between AOIs of equivalent size. 
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The method was: 

1. Define the valid regional model domain. 

2. Select a range of AOI sizes, including a nominal 100 km² reference size representative of the 
contracted refinement scale. 

3. Randomly sample many AOIs of each size across the regional domain. 

4. For each sampled AOI, calculate an AOI-aggregated value of the input dataset. 

5. Compare each AOI value with the equivalent regional expectation. 

6. Express the difference as a log10 ratio. 

7. Calculate the standard deviation of these log10 ratios for each AOI size. 

For susceptibility layers, the AOI value was calculated as the mean susceptibility within the sampled 
AOI: 

𝑌𝑌𝐴𝐴𝐴𝐴𝐴𝐴,𝑖𝑖(𝐴𝐴𝑎𝑎) = 𝑋𝑋�𝐴𝐴𝐴𝐴𝐴𝐴,𝑖𝑖 Equation A1.9 

where 𝑋𝑋𝐴𝐴𝐴𝐴𝐴𝐴  represents the mean susceptibility values inside the AOI. 

For sediment-yield or sediment-production inputs, the AOI value was calculated as an area-integrated 
total: 

𝑌𝑌𝐴𝐴𝐴𝐴𝐴𝐴,𝑖𝑖(𝐴𝐴𝑎𝑎) =  ∑ 𝑋𝑋𝑗𝑗 × 𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑗𝑗∈𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖  Equation A1.10 

where 𝑋𝑋𝑗𝑗 is the sediment-yield or sediment-production value in each cell, 𝑗𝑗 indexes the raster cells 
within the sampled AOI and 𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is the cell area. 

For each AOI size 𝐴𝐴𝑎𝑎, the AOI-scale representativeness uncertainty was calculated as the sample 
standard deviation of the log10 AOI-to-regional ratios: 

∆𝐴𝐴𝐴𝐴𝐴𝐴,𝑖𝑖(𝐴𝐴𝑎𝑎) =  𝑙𝑙𝑙𝑙𝑙𝑙10 �
𝑌𝑌𝐴𝐴𝐴𝐴𝐴𝐴,𝑖𝑖(𝐴𝐴𝑎𝑎)

𝑌𝑌𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝐴𝐴𝑎𝑎)� Equation A1.11 

where ∆𝐴𝐴𝐴𝐴𝐴𝐴,𝑖𝑖(𝐴𝐴𝑎𝑎) is the log10 ratio between the value calculated for the i-th sampled AOI of area 𝐴𝐴𝑎𝑎 
and the equivalent regional expectation. 𝑌𝑌𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝐴𝐴𝑎𝑎) is calculated from the regional mean 
or expected total for an AOI of the same size, depending on whether the input layer is treated as an 
intensity/mean value or an area-integrated total. For mean susceptibility, this does not depend on 𝐴𝐴𝑎𝑎, 
as both the AOI and regional expectation are expressed as mean values. 

The AOI-scale representativeness uncertainty for each AOI size was then calculated as the sample 
standard deviation of these log10 ratios: 

𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10(𝐴𝐴𝑎𝑎) = 𝑠𝑠𝑠𝑠𝑠𝑠�∆𝐴𝐴𝐴𝐴𝐴𝐴,𝑖𝑖(𝐴𝐴𝑎𝑎)� Equation A1.12 

The resulting value, 𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10(𝐴𝐴𝑎𝑎), represents the 1-standard-deviation spread of AOI values in order-
of-magnitude space. This value is an order-of-magnitude uncertainty. For example, (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10 = 0.3) 
corresponds to approximately a factor of 2, while (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10 = 1.0) corresponds to a factor of 10 
at 1 standard deviation. Larger values indicate that AOIs of that size are more variable relative to 
the regional expectation and therefore have greater representativeness uncertainty. 
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A1.3.1.1 Simple Explanation of Representativeness Uncertainty 

Where the mean value of most sampled AOIs is close to the regional mean, the AOI-to-regional ratios 
will be close to 1, and the corresponding log10 ratios (Equation A1.11) close to 0. The sample standard 
deviation of the log10 ratios will therefore be small, indicating a low AOI-scale representativeness 
uncertainty for that AOI size. 

This does not mean that the input dataset has no uncertainty. Rather, it means that, at the evaluated 
AOI scale, the spatial variability in the dataset is sufficiently averaged that most AOIs provide a 
representative sample of the regional input distribution. The data subsets at this scale are therefore 
likely to ‘look’ similar to the regional dataset for which the calculated uncertainty is already defined 
from reference data. Conversely, where the sampled AOI means differ substantially from the regional 
mean, the log10 ratios will become more dispersed and the AOI-scale representativeness uncertainty 
will increase. 

The scale dependence of this result is important. If (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10) decreases rapidly as AOI size 
increases, this indicates that the dataset contains relatively short-wavelength spatial variability that is 
progressively averaged out over larger AOIs. In contrast, if (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10) remains high even for larger AOIs, 
this indicates broader spatial structure or long-range autocorrelation, such that AOIs of that size may 
still sample only part of the regional variability. The AOI uncertainty curve therefore provides a measure 
of how representative a regional input layer is when applied at different spatial supports. 

A1.3.2 Area-of-Interest-Scale Representativeness Uncertainties for the Input Datasets 

The characteristic uncertainties assigned to the regional EIL, RIL and SSY input datasets are derived 
from comparisons with observational data that are limited in both spatial coverage and density. 
While these data provide an empirical basis for constraining the datasets at a regional scale, they do 
not uniformly sample all parts of the region. As a result, the derived uncertainties reflect the variability 
captured within the available observations, rather than the full range of conditions that may exist across 
the entire domain. 

This limitation becomes more important when applying the regional datasets to smaller AOIs. If the 
underlying input data exhibit spatial variability or clustering, a given AOI may fall within a portion of the 
region that is under-represented in the observational record used to derive the uncertainties. In such 
cases, the regional uncertainty estimates may not fully capture the variability relevant to that specific 
location, particularly where observational coverage is sparse or uneven. 

The AOI-scale representativeness uncertainties for the RIL, EIL and SSY datasets are presented 
in Figure A1.3 and demonstrate how the variability of AOI-scale input summaries changes as the 
sampled AOI area increases. For all three datasets, (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10) decreases with increasing AOI area, 
indicating that larger AOIs progressively average out local spatial variability and become more 
representative of the regional input distribution. 
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Figure A1.3 Estimated Area of Interest (AOI)-scale representativeness uncertainty for key spatial inputs across 

a range of AOI areas. The 1-sigma uncertainties associated with the assumed 100 km2 AOI for each 
dataset are indicated by black circles. 

However, the rate and magnitude of this decrease differ between datasets: 

• RIL susceptibility has the highest representativeness uncertainty across all evaluated AOI sizes. 
At the 100 km² refinement scale, (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10) is 0.795, equivalent to a 1-standard-deviation factor 
of about 6. This indicates that 100 km² AOIs can differ substantially from the regional mean RIL 
susceptibility and that the regional RIL input contains spatial structure at scales large enough 
to remain important even after averaging over a 100 km² area. 

• Specific sediment yield also retains substantial AOI-scale representativeness uncertainty. 
At 100 km², (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10) is approximately 0.638, equivalent to a 1-standard-deviation factor of 
about 4.3. This indicates that sediment-yield conditions remain spatially clustered at the 
refinement scale, so individual AOIs may sample only part of the regional range of sediment-
production potential. 

• EIL susceptibility shows the lowest representativeness uncertainty and strongest reduction with 
increasing AOI size. At 100 km², (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10) is approximately 0.405, equivalent to a 1-standard-
deviation factor of about 2.5. This suggests that EIL susceptibility is more effectively averaged 
over 100 km² AOIs than the RIL susceptibility or sediment-yield inputs, although some AOI-scale 
variability remains. 

The scale dependence of these curves is important. If AOI means were generally close to the regional 
mean at a given AOI size, the corresponding (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10) would be small. The fact that the curves remain 
elevated at 100 km² indicates that the selected refinement scale does not fully average out the spatial 
variability in the regional inputs. This does not imply that the input datasets are incorrect; rather, 
it shows that uncertainty estimates derived at regional scale may not fully represent the possible 
local bias or variability within smaller AOIs. The AOI representativeness uncertainty therefore captures 
the degree to which a 100 km² refinement area may inherit above- or below-regional-average source 
susceptibility or sediment-production conditions simply because of its location within the region. 

The analysis presented here addresses the challenge of using regional datasets to describe local trends 
by examining how the values of each input dataset vary when sampled over AOIs of different sizes. 
By repeatedly sampling fixed-area AOIs from each regional layer and comparing these to the regional 
mean, the method quantifies the spread of AOI-to-regional ratios as a function of AOI size. This spread 
provides an indication of how representative a given AOI is likely to be of the regional dataset, given the 
spatial structure of the inputs. Larger spreads indicate that smaller AOIs can deviate substantially 
from the regional average, highlighting situations where the regional uncertainty estimates – derived 
from limited and unevenly distributed observational data – may not fully reflect local variability. 
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A1.3.3 How the Area-of-Interest Uncertainty is Used in the Monte Carlo Analysis 

The AOI uncertainty is not treated as a separate uncertainty that is simply added to the final APLR result. 
Instead, it is propagated through the same Monte Carlo framework used to evaluate model uncertainty. 

This is important, as not all inputs have the same effect on APLR. For example, uncertainty in a 
susceptibility input may have a smaller effect on final APLR than uncertainty in the sediment-yield 
or sediment-production input. By propagating the AOI uncertainty through the model, the sensitivity of 
APLR to each input is accounted for automatically. 

The AOI uncertainty is represented using multiplicative factors. The uncertainty-scaling analysis 
provides (𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10). This is converted to a standard factorial error as: 

𝑆𝑆𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴 =  10𝜎𝜎𝐴𝐴𝐴𝐴𝐴𝐴,𝑙𝑙𝑙𝑙𝑙𝑙10  

This multiplier is then applied coherently to the relevant input group during Monte Carlo sampling 
(described in Appendix 2). For example, a single RIL susceptibility multiplier is applied to the rainfall-
induced susceptibility / probability terms, rather than applying independent multipliers to each return-
period value. This reflects the fact that AOI representativeness uncertainty is a shared spatial effect, 
not independent random noise in each return-period bin. 

Similarly, the sediment-yield or sediment-production AOI multiplier is applied to the sediment-
production pathway. This allows the uncertainty in sediment-yield representativeness to affect APLR 
through the part of the model that controls debris availability and debris flux. 

A1.3.4 Assumptions and Limitations 

This approach is intended to provide a practical estimate of the additional uncertainty introduced when 
regional datasets are applied to smaller AOIs. It relies on several assumptions. 

1. Regional input datasets are assumed to provide a reasonable description of spatial variability 
across the full model domain. The method does not test whether the regional datasets are correct 
in an absolute sense; it only estimates how much smaller AOIs can differ from the regional 
expectation. 

2. Randomly sampled AOIs are assumed to provide an appropriate basis for estimating how 
representative a 100 km² AOI is likely to be. This is suitable for general uncertainty guidance, 
but a specific AOI may be unusually high or low relative to the regional distribution. 

3. The method assumes that the AOI-scale uncertainty can be represented as a multiplicative 
lognormal uncertainty in the Monte Carlo analysis. This is consistent with the way order-of-
magnitude uncertainty is commonly handled in the broader modelling framework. 

4. The 100 km² value is used as a conservative reference scale. Some final AOIs are larger than 
100 km²; for those areas, the generic 100 km² uncertainty estimate is likely to be conservative 
unless AOI-specific uncertainty values are calculated. 

Finally, it is important to note that the method does not replace local data. The preferred way to reduce 
AOI-scale uncertainty would be to refine the susceptibility and sediment-yield inputs using local 
landslide inventories, local erosion or sediment-yield measurements, local geomorphic mapping, 
field observations and other site- or catchment-specific information. Where such data are available, 
these should be used to update or constrain the input datasets directly rather than relying only on 
generic regional uncertainty multipliers. 
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APPENDIX 2   Updated Parametric-Uncertainty Calculation 

A2.1 Parametric Sensitivity 

This appendix summarises the updated parametric-sensitivity analysis used to evaluate uncertainty 
in the Landslide Source-to-Inundation Process Model (LS-IPM) annual property loss risk (APLR) outputs 
for the 8 m AOI refinement. The analysis follows the same general framework as described in 
Appendix A7.1 of Leith et al. (2025), in which key model inputs are first varied individually to identify 
their relative influence on APLR and are then propagated collectively through a Monte Carlo analysis 
to estimate the combined effect of parameter uncertainty. The purpose of the analysis is to identify 
which assumptions and input parameters exert the greatest control on the calculated APLR and to 
support the uncertainty estimates adopted in the main report. 

The parameters considered in this report are broadly consistent with those evaluated by Leith et al. 
(2025). However, the former LSD_ProbFlow variable, which described the combined proportion of 
flow-type movements for both rainfall-induced landslides (RIL) and earthquake-induced landslides 
(EIL) has been separated out into two variables, LSD_ProbEILFlow (variable 28) and LSD_ProbRILFlow 
(variable 29), to directly represent the probabilities for each trigger type adopted in our 2025 analysis 
and here, respectively. In addition, three additional variables have been introduced to represent 
AOI-scale representativeness uncertainty, as described in Appendix 1. These are: 

• Variable 31: AOI_RIL_LSSmult, a coherent multiplicative factor applied to the RIL susceptibility/ 
probability inputs. This represents uncertainty associated with how well the regional RIL input 
dataset represents conditions within a 100 km² AOI. 

• Variable 32: AOI_EIL_LSSmult, a coherent multiplicative factor applied to the EIL susceptibility/ 
probability inputs. This represents equivalent AOI-scale representativeness uncertainty for the 
EIL input dataset. 

• Variable 33: AOI_LSPmult, a coherent multiplicative factor applied to the sediment-production 
inputs. This represents uncertainty associated with how well the regional sediment-yield/ 
sediment-production inputs represent conditions within the selected AOI. 

Each multiplier has a central, or geometric mean, value of 1 and is sampled using a Standard Factorial 
Error (SFE) distribution. The SFE values therefore represent multiplicative 1-sigma uncertainty factors 
rather than additive standard deviations. A single multiplier is applied coherently to each relevant input 
group, as AOI-scale representativeness uncertainty is interpreted as a shared spatial effect within 
the AOI rather than as independent random variation between individual return-period inputs. 

In this report, sensitivity is evaluated at receiving distances of 100, 125, 150, 200, 300 and 500 m. 
These distances differ from those used in Figure A7.2 of Leith et al. (2025). This change, together 
with the revised Latin hypercube sampling implementation and differences in the random sample 
set, accounts for any minor differences between the change-in-APLR figure presented here 
(Figure A2.1) and Figure A7.2 of Leith et al. (2025). Such differences should therefore be interpreted 
as consequences of the updated sampling and evaluation set-up rather than as changes to the 
underlying LS-IPM sensitivity framework. 

Overall, the additional AOI uncertainty multipliers are some of the greatest contributors to APLR 
variability (Figure A2.1). In particular, variations in the AOI-dependent uncertainty on the SSY 
(Variable 33) results in an approximately 5x change with respect to the most likely APLR, while the 
relatively high estimated AOI-dependent RIL uncertainty (Variable 31) results in an approximately 
0.5x change with respect to the most likely solution. 
 



 Confidential 2026 

 

GNS Science Consultancy Report 2026/80 39 
 

Table A2.1 List of variables, assumed baseline values and ranges employed in the sensitivity calculation. 
Standard deviation / error values are only valid for normally distributed and standard factorial 
error (SFE) data, while ranges are only valid for linearly distributed data. Variable names contain 
a prefix denoting the model component that these relate to (LSS, LSP, LSD, LDIR). ARI = annual return 
interval; RIL = rainfall-induced landslide; EIL = earthquake-induced landslide; ARI = annual 
recurrence interval; RIL = rainfall-induced landslide; EIL = earthquake-induced landslide; AOI = 
Area of Interest. 

ID Variable Description Mean Standard 
Deviation Range Distribution 

1 LSS_Pril50 
50-year ARI RIL probability 
(ls_cell/cell/event) 

0.000265 6.80E-05 N/A Normal 

2 LSS_Pril100 
100-year ARI RIL probability 
(ls_cell/cell/event) 

0.000308 6.80E-05 N/A Normal 

3 LSS_Pril250 
250-year ARI RIL probability 
(ls_cell/cell/event) 

0.000375 6.80E-05 N/A Normal 

4 LSS_Peil100 
100-year ARI EIL probability 
(ls_cell/cell/event) 

0.00526 6.80E-04 N/A Normal 

5 LSS_Peil250 
250-year ARI EIL probability 
(ls_cell/cell/event) 

0.00574 6.80E-04 N/A Normal 

6 LSS_Peil500 
500-year ARI EIL probability 
(ls_cell/cell/event) 

0.00624 6.80E-04 N/A Normal 

7 LSS_Peil1000 
1000-year ARI EIL probability 
(ls_cell/cell/event) 

0.00692 6.80E-04 N/A Normal 

8 LSP_SEDssy 
Suspended sediment yield 
(kg/m²/yr) 

2 2 N/A Normal 

9 LSP_SEDs2t 
Suspended to total sediment-
yield multiplier (1) 

1.5 0.5 N/A Normal 

10 LSP_SEDrho Bedrock density (kg/m³) 2650 250 N/A Normal 

11 LSP_SEDnL Sediment bulking factor (1) 1.3 0.2 N/A Normal 

12 LSP_SEDw 
Proportion of total erosion 
attributed to landslides (%) 

0.6 N/A 0.2 to 1 Linear 

13 LSP_SEDcohesion 
Cohesion of critical joints 
[log10(kN/m²)] 

2 2 N/A Normal 

14 LSP_RILmean Mean RIL volume [log10(m³)] 3.92 1 N/A Normal 

15 LSP_RILstdev 
EIL volume standard 
deviation [log10(m³)] 

0.68 0.5 N/A Normal 

16 LSP_EILmean Mean EIL volume [log10(m³)] 4.55 1 N/A Normal 

17 LSP_EILstdev 
EIL volume standard 
deviation [log10(m³)] 

0.6 0.5 N/A Normal 

18 LSD_res Grid cell resolution (m) 16.5 N/A 8 to 25 Linear 

19 XSTgradient 
Angle of assumed basal 
failure plane (°) 

20 N/A 15 to 25 Linear 

20 LSD_PCMmu 
Initial basal friction for 
PCM model (°) 

5 2 N/A Normal 

21 LSD_PCMmd 
Mass:drag ratio for 
PCM model [log10(1)] 

1.74 N/A 
1.3 to 
2.18 

Linear 
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ID Variable Description Mean Standard 
Deviation Range Distribution 

22 LSD_PCMmuExp 
Basal friction area scaling 
exponent for PCM model (1) 

-0.24 0.02 N/A Normal 

23 LSD_PCMmuMin 
Minimum basal friction for 
PCM model (H/V) 

-0.75 N/A 
-1.4 to 
-0.097 

Linear 

24 LSD_PCMmuMax 
Maximum basal friction for 
PCM model (H/V) 

-0.75 N/A 
-1.4 to 
-0.097 

Linear 

25 LSD_GPPpersistence 
Persistence factor for 
PCM model 

2 N/A 1 to 3 Linear 

26 LSD_GPPspreading 
Spreading factor for 
PCM model 

1.75 N/A 1.5 to 2 Linear 

27 LSD_FAHRpercentile 
Farhboschung angle 
percentile (%) 

50 N/A 5 to 95 Linear 

28 LSD_ProbRILFlow 
Proportion of RIL flow-type 
movements (1) 

0.33 0.3 N/A Normal 

29 LSD_ProbEILFlow 
Proportion of EIL flow-type 
movements (1) 

0.165 0.3 N/A Normal 

30 LDIR_CritFlux 
Debris height at maximum 
vulnerability (m) 

4 N/A 2 to 6 Linear 

31 AOI_RIL_LSSmult 
AOI-scale representativeness 
multiplier for RIL probability 
inputs 

1 6.24 N/A SFE 

32 AOI_EIL_LSSmult 
AOI-scale representativeness 
multiplier for EIL probability 
inputs 

1 2.54 N/A SFE 

33 AOI_LSPmult 
AOI-scale representativeness 
multiplier for sediment 
production inputs 

1 4.35 N/A SFE 
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Figure A2.1 Individual parametric contribution to annual property loss risk (APLR) uncertainty. Numbered points 

correspond to descriptions in the legend. 
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A2.2 Total Parametric Uncertainty 

The combined effect of parametric uncertainty was evaluated using the same general Monte Carlo 
framework as described in Leith et al. (2025). For each sampled parameter set, the modelled APLR 
was re-calculated and expressed as a ratio relative to the corresponding ‘most likely’ 8 m APLR value. 
Empirical cumulative distribution functions were then calculated for receiving distances of 100, 125, 
150, 200, 300 and 500 m from potential landslide source areas. The resulting curves show the 
proportion of Monte Carlo simulations that produced an APLR less than or equal to a given multiple of 
the baseline value. A weighted summary curve was also calculated to provide an overall estimate 
of APLR uncertainty across the evaluated runout-distance range. The weights account for both the 
baseline APLR at each sampling distance and the distance band represented by that sample. 

The results indicate that parametric uncertainty in the 8 m APLR estimates remains substantial and 
varies strongly with distance from the landslide source. At shorter distances, particularly 100–150 m, 
simulated APLR values commonly remain within approximately one order of magnitude of the ‘most 
likely’ value, although both lower and higher values are possible. At greater distances, the curves 
become more dispersed and asymmetric. This reflects the increasing sensitivity of distal inundation 
to runout-related parameters and to whether a given parameter set allows debris to reach these more 
distant locations. A significant proportion of simulations therefore produce little or no debris inundation 
beyond 200 m, and at the 300 m sampling distance all simulations produced lower APLR than the 
baseline model. This behaviour is consistent with Leith et al. (2025), where uncertainty was expected 
to increase with distance from source areas as modelled risk becomes increasingly controlled by 
the tails of the landslide-volume and runout distributions. 

 
Figure A2.2 Calculated variation in annual property loss risk (APLR) as a result of Monte Carlo simulation 

of Landslide Source to Inundation Process Model (LS-IPM) inputs for the 8 m LS-IPM results with 
respect to the baseline 8 m model. An APLR change of 1 indicates that Monte Carlo analysis 
results are identical to the ‘most likely’ solution derived from parameters adopted in this study. 
The black solid curve represents the weighted summary derived from all sample locations. 
Grey shaded regions represent 1- and 2-sigma confidence intervals. 
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The results also indicate that the baseline parameterisation is generally conservative at most evaluated 
distances. At all distances, except the most proximal (100 m) location, at least half of the simulations 
produced APLR values lower than the baseline value. However, the weighted summary is strongly 
influenced by the 100 m sampling distance because baseline APLR decreases rapidly with distance 
from the source. The baseline APLR at 100 m is approximately two orders of magnitude greater than 
that at 125 m (0.58 yr⁻¹ compared with 0.0078 yr⁻¹), so the 100 m location therefore exerts the greatest 
influence on the integrated summary. The geometric mean of the weighted APLR ratio is 1.37 times the 
‘most likely’ value, indicating that the integrated distribution is slightly shifted above the baseline value. 
This suggests that the weighted summary is not strongly conservative, although the difference is small 
relative to the overall order-of-magnitude uncertainty and is unlikely to materially affect interpretation 
of the true APLR. 

The weighted summary indicates that the central part of the uncertainty distribution lies within the 
1-sigma-equivalent range shown in Figure A2.2, while the wider 2-sigma-equivalent range captures 
less likely but plausible outcomes. Because the distribution is not perfectly symmetric in log space, 
these bounds should be interpreted as empirical uncertainty envelopes rather than formal normally 
distributed confidence intervals. Overall, the results support the use of order-of-magnitude uncertainty 
bounds for the 8 m APLR outputs, while also highlighting that uncertainty is lower where debris 
inundation is frequent and proximal and higher where APLR depends on less frequent, longer-runout 
combinations of model parameters. 
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