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 A B S T R A C T

Network models have been previously proposed for spatial cascades of natural hazard events. 
These have generally not taken time into account, with the cascade of events effectively assumed 
to occur instantaneously. This study introduces a dynamic, network-based stochastic model 
developed as a virtual testbed to simulate complex multihazard interactions between multiple 
temporal processes, often occurring on different time scales. Since state of the art physical 
models generally involve heavy computation, the use of computationally simple probability 
distributions to describe the dynamics and interaction of the hazard events enables a larger 
number of model simulations, promoting greater robustness of model forecasts. The network 
modelling approach aims to allow the identification of key elements of the system that are most 
vulnerable, develop risk mitigation strategies, and examine restoration plans. We exemplify 
our methodology by investigating impacts of volcanic ashfall on river flow dynamics in the 
Rangitaiki and Tarawera river systems in New Zealand, simulating hydrological processes over 
a 365-day period with a volcanic eruption. Our results demonstrate how testbeds can be use to 
explore ‘‘what-if’’ cascading impacts scenarios, by providing a flexible, computationally efficient 
framework, offering crucial support for Disaster Risk Management (DRM) in volcanic regions.

1. Introduction

Understanding the complex interactions between multiple natural hazards remains one of the significant challenges in Disaster 
Risk Management (DRM). What will happen when multiple hazards strike? When, where, what and how large — these are the 
primary questions in assessing risk from natural hazards. However, the inherent complexity and interdependencies of natural hazards 
render the answers elusive [1]. Many large-scale disasters involve multiple hazards striking the same region either simultaneously, 
or before complete recovery from the first hazard’s impact [2,3]. Multihazards are the occurrence of multiple hazards partially or 
completely overlapping in space–time that may or may not be causally related. Multihazards in which an initial event triggers a 
sequence of subsequent hazards create cascading impacts and complex risks that are difficult to predict and manage [1]. Examples 
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of cascading multihazards include volcanic ash fall during rain events [4], liquefaction or flood following earthquakes [5,6], or a 
landslide into a lake generating a tsunami [7].

To address this challenge, the scientific community is moving towards the development of virtual testbeds within a compre-
hensive digital ecosystem. Such testbeds aim to simulate complex multi-risk processes in realistic virtual environments, serving as 
laboratories for improving the understanding of cascading impacts and for testing mitigation and adaptation strategies through 
‘‘what-if’’ scenarios. This paper contributes to the conceptualization and implementation of such a testbed.

Volcanic regions are prime examples of complex multihazard environments. Historical eruptions demonstrate the potential for 
widespread impacts extending far beyond the immediate vicinity of the volcano. For example, the 1314 Kaharoa eruption [8] over 
a 4–5 year period deposited at least 7.3 km3 (Dense Rock Equivalent) of tephra, and created a dam at the outlet of Lake Tarawera 
that was subsequently breached [9]. Such widespread ashfall has the potential to trigger cascading hazards by interacting with 
other natural processes, most notably the hydrological cycle. A critical knowledge gap remains in our understanding of the dynamic 
interactions between volcanic ashfall and hydrological systems, which can lead to catastrophic compound events [10,11].

Models of individual natural hazards (e.g., floods, or volcanic ash deposition) are built from a combination of physio-chemical, 
numerical, and empirical relationships, the latter of which rely heavily on hazard-specific data [12]. Multihazard models have yet to 
reach a similar level of sophistication [13–15]. For example, an earthquake can create thousands of landslides and landslide dams, 
that themselves cause potentially disastrous outburst floods, such as have been recently observed in New Zealand during the 2016 
Kaikoura earthquake [16–18]. Similarly, if an eruption is low-level but long-lived, persistent input of tephra to the system may 
cause a build-up of sediment in a reservoir and eventually cause frequent large-scale flooding [19].

There are two major hurdles impeding the development of robust multihazard models: the lack of data, and understanding 
the temporal dynamics of these complex hazard interactions. Multihazard data are required to build multihazard models, informing 
hazard occurrence, magnitudes, and subsequent inference as to potential hazard interactions [20]. However, while much conceptual 
work has been done around the generalization of multihazard interactions [21,22], there is a substantial lack of data to support any 
statistical analyses or formal quantification of these relationships. This fundamental gap may be partially filled by the simulation 
of potential multihazard systems.

Previous research has advanced the conceptual understanding of multihazard interactions [21,23], but often lacked the dynamic 
temporal elements required for realistic simulation. One proposed solution to quantifying the complexity in risk systems is to 
abstractly represent hazards and their interactions by networks [24,25]. However, the method is currently static, capturing end-
member states, but without the ability to capture the evolving nature of cascading processes. To address these limitations, we 
propose a novel dynamic network-based stochastic multihazard model designed as a virtual parameterized testbed. Our approach 
incorporates temporal characteristics such as delays between event occurrences simulated using non-homogeneous Poisson processes 
into a spatio-temporal multi-risk framework, allowing for the realistic simulation of cascading events over time. By combining 
computationally efficient models for individual hazards and their interactions, we enable robust stochastic simulation over extended 
periods, providing a powerful tool for risk assessment and decision support.

Our model is applied to the Rangitaiki and Tarawera river systems in the Bay of Plenty region of New Zealand’s North Island. 
Besides hosting the Okataina volcanic complex which has produced multiple large and long-lived eruptions during the Holocene [26], 
the area has the potential for ex-tropical cyclones [27], has multiple man-made dams providing scope for mitigation/management 
decisions, and was the location of the 1987 M6.5 Edgecumbe earthquake [28], that had well-documented effects on the Rangitaiki 
river [29]. Besides the dams, major infrastructure (Fig.  1) include the Edgecumbe GXP, the Te Ahi O Maui Geothermal Plant, pulp 
and paper mills, and the towns of Edgecumbe and Kawerau, located on the Rangitaiki and Tarawera rivers respectively. Network 
vulnerabilities arise at road and rail bridges, which carry on their underside communications and water pipes. The area is relatively 
flat, with the rivers contained by stop banks. These stopbanks represent both a threat to the bridges, through forestry debris, if 
they hold in a flooding situation, and to other infrastructure if they fail. Previous studies have quantified the effects of ash on dairy 
farms [30] and forestry [31], which represent the major land uses in the region (Fig.  2).

The remainder of the paper is organized as follows: In Section 2 we outline the network model and its relationship to Graph 
Theory, then link these concepts to a general set of natural hazards. This is followed in Section 3 by the hazard models that form the 
building blocks of a simplified version of the model, focussing on the details of a case study example of volcanic ash and precipitation 
applied to our case study of the Rangitaiki and Tarawera river systems. The results of the case study are presented in Section 4, 
and the methodology discussed in Section 5 along with suggestions on additional hazard modules to fill out the concept described 
in Section 2.

2. Network models for interacting multihazards

Dunant et al. [25] proposed a conceptual model of multihazard interactions and impacts using graph theory concepts. Hazards 
and infrastructure were assigned as nodes, and hazards that could trigger another hazard were linked, as were hazards and 
the particular infrastructure locations they could impact. The intent was to create an emergency-management focussed scenario 
generator for the extent of overlapping hazard impacts. The initial case study [25] was the 𝑀𝑤7.8 2016 Kaikoura (New Zealand) 
earthquake, in particular the roading network, which was severely impacted by coseismic and rain-triggered landslides. This was 
extended by Dunant et al. [13] to the area around Franz Josef (New Zealand), with the inclusion of landslide dams, flooding, 
stopbanks and buildings. Events in the multihazard cascade were made probabilistic, with landslide runout and inundation model 
outputs being included, and fragility functions for buildings, roads and stopbanks included to allow the results to be presented in 
the form of monetary loss.
2 
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Fig. 1. The Tarawera and Rangitaiki catchments, road and power transmission networks [32].

Fig. 2. Land use in the Rangitaiki-Tarawera catchment [32].

However, Dunant et al. [25] and Dunant et al. [13] accepted certain limitations. Most significantly, time was not included 
in either model. All connections were assumed to activate instantaneously, and downstream probabilities were not linked to the 
intensity of the upstream hazard. This paper presents a conceptual workflow with probabilistic, process-driven hazard models to 
overcome these limitations.
3 
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Fig. 3. Node locations in a virtual catchment. Various catchment units, separated by the black dashed lines, drain into the river (blue line) flowing 
down the valley. While the Landslide and Natural Dam nodes could occur at many random locations, in our application we only consider locations 
‘that matter’, so they are pre-determined. The blue area represents a flood plain. Note that Natural Dam 1 is superimposed on River Segment 4. 
Primary nodes Precipitation and Earthquake are notionally placed outside the catchment, as their effects are applied uniformly throughout the 
catchment.

We think of a network as a system that is synonymous with graph theory [33]. As explained by Boccara [34, p.325–369], ‘‘A 
graph 𝐺 is an ordered pair of disjoint sets (𝑉 ,𝐸), where 𝑉  is a set of elements called vertices, nodes, or points, and a subset 𝐸
of ordered pairs of distinct elements of 𝑉 , called directed edges, arcs, or links’’. Thus, networks or graphs are objects composed 
of multiple components (nodes) and their interactions via links or ties (also known as edges). A network with directional edges is 
often called a directed graph or digraph. These graphs allow us to deal with several issues of complex systems by understanding the 
causality between the network components [35,36]. Explicitly incorporating temporal dynamics brings additional complications. 
For example, floods caused by stopbank failure are initially caused by heavy rainfall. But this is not an instantaneous process, it is 
time-modulated by lags; first there is excess rainfall runoff into the river, then river height increases, and then there is some further 
delay until the stopbank fails. Such processes, operating on multiple time scales, are not amenable to having time treated via a 
purely spatial network whose connections change at given points in time [37].

Since there are temporal processes operating at multiple time-scales (e.g. drainage of runoff water and deeply absorbed ground 
water), rather than adding the time dimension as a 3rd network dimension to the 2D spatial network, we treat time explicitly 
through discrete event simulation. Hence, the links and thus the network structure do not change over time, in contrast to the model 
considered by Holme and Saramäki [37]. Instead, the probability of propagation along an edge, the effects of such propagation and, 
most crucially, the delay in propagation varies with time, in a manner driven by the history of the process, which we describe as a
dynamic temporal spatial network. In this section we will develop this new concept for the purpose of multihazard forecasting.

2.1. Virtual network design

The conceptual model consists of a virtual catchment (Fig.  3), susceptible to three major hazards: volcanic eruptions, precip-
itation, and earthquakes, with processes and likelihoods informed by the study area catchment of the Tarawera/Rangitaiki river 
systems. The simulation model consists of a nested temporal network that utilizes the phenomenological ideas behind a library of 
previously published stochastic and numerical models of processes and their triggering (described below).

We are modelling the effect of multiple physical processes and their interactions, which operate in continuous space and 
continuous time. We want to approximate this by selecting discrete locations in space (nodes) and the relationships between them 
4 
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(edges), e.g., the virtual catchment shown in Fig.  3. Generally, our model nodes will represent a region (not a point) with a non-zero 
area and approximately homogeneous characteristics.

The way we define the spatial nodes and their physical extent (i.e., which nodes are physically adjacent to which) implicitly 
defines the connections (edges). Furthermore, our discrete nodes implicitly abstract spatial relationships to some degree. This 
abstraction results in a trade-off between bias and variance: finer detail (more nodes), and you get more precision but possibly miss 
certain rare events due to the decreased number of repetitions due to computational cost. This is particularly fraught in natural 
hazard applications, where it is precisely these rare events that we struggle to quantify.

Therefore, the nodes must be defined with the objective of the exercise firmly in mind [38]. The model needs to reflect the 
known behaviour of the system [39] as well as the end-user aspirations. Further, the model must be guided by thoroughly quantified 
output, computing limitations, and a comprehensible way to convey the results. By defining a judicious set of nodes, some underlying 
processes will not be explicitly included in the model as they would add too much complexity; for example, internal processes of 
gravity mass movement or fault network structure underlying the earthquake behaviour [40,41]. Such detail would not be useful 
for the final purpose of the method. Our chosen approach to determining the right hierarchical scale of the analysis is to consider 
only those physical effects that are directly observable (e.g., shaking, mass movement, water depth).

It is stressed that a conceptualization is needed whereby the objects of the system are drawn as points (nodes). Our method 
assumes that an area of interest (AOI) can be considered as a disaster macrosystem composed of hazard nodes (or sources, 
e.g., earthquake, river, slope unit) and exposed nodes (e.g., houses, roads). Hence a node could represent a fault segment, a 
contributing source area of landslides, a storm, a river, a road segment, a house, or any other ‘‘entity’’ depending on the specific 
purpose of the exercise and the natural hazards characteristic of the AOI. The various nodes are considered separate entities with 
their specific spatial patterns and behaviours. They relate to each other by specific rules based on empirical data, mathematical 
models, and expert opinion.

2.2. Node types and triggers

We define three node types in our conceptual model: Primary, Secondary and Terminal, where the following rules apply.

1. An event on a Primary node initiates a cascading process by triggering events on Secondary and/or Terminal node(s).
2. An event on a Secondary node can continue the cascade by triggering events on another Secondary node(s) and/or Terminal 
node(s), but cannot trigger an event on a Primary node.

3. An event on a Terminal node can be triggered by an event on a Primary or Secondary node, but the Terminal node cannot 
trigger any subsequent event, a specific sequence terminates here.

In our application, the Primary nodes considered are: Volcano, Precipitation and Earthquake; Secondary nodes considered are: 
Catchment Unit, River Segment/Man-made Dam, Landslide, Stop-bank, and Natural Dam; and Terminal nodes are Infrastructure of varying 
types. We define a Catchment Unit as a contiguous area with similar overall slope that drains to a single River Segment/Man-made 
Dam. A man-made dam is treated as a River Segment, with different (controllable) flow dynamics.

The network is operating in a semi-closed system within a Network Pseudo Boundary (NPB) where only Primary nodes can initiate 
a sequence of events within the NPB; see Fig.  4. Clearly the Primary nodes must be triggered by something, but this triggering, 
possibly part of a wider external network, is not within the NPB. In this sense the network of interest is semi-closed or pseudo, and 
the Primary nodes can be thought of as self triggering in a computer simulation of events on the network. In theory the methodology 
can extend to secondary nodes triggering themselves, but this is not the case in the example presented herein.

2.3. Simulation with varying time lags

We provide a discrete-event simulation [42] algorithm for simulating events on a dynamic temporal network, i.e. where there 
is a time delay (lag) between the occurrence time of the triggering event and the triggered event. This time lag may vary according 
to the ‘history’ of the process, and so could even be different between the same trigger and triggered nodes at a different time in 
the sequence because of a different past history. The temporal delay is described as a non-homogeneous Poisson process, simulated 
by the Point process thinning method [43,44], which has been applied to multi-hazards [45]. The algorithm to simulate events in 
the time interval (0, 𝑇 ) is given in Table  1, using the notation in Fig.  4.

The simulation algorithm is constructed in such a way that when real time is equal to the activation time 𝑡 of the 𝓁th triggered 
Secondary event in step 6, we know the complete history of the process up until time 𝑡. Thus we know all input parameters of an 
event at its time of activation, at which point, the algorithm simulates all later events that the just-activated event triggers. Given 
our knowledge of the history up until 𝑡, the algorithm can pass on characteristics of the triggering event (just-activated) to all of its 
triggered events. For example, a large activated event could be made to induce a larger effect on its triggered events. This complete 
history also allows one to re-evaluate the activated node’s ‘vulnerability’ or response to future triggers which may change during 
the cascade sequence. This includes the potential for multiple past triggers, each occurring with a different time lag.

In Table  2, the source is the hazard triggering node which affects its listed target nodes without intermediate nodes, hence there 
is a directed edge from a source node (trigger) to each of its listed target nodes (triggered). Secondary nodes can also trigger effects 
on other secondary and terminal nodes, but not on the primary nodes. A graphical representation of the node structure discussed 
above, and the directed links (edges) between the nodes is shown in Fig.  5.
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Fig. 4. A hypothetical example. The arrows represent directed edges. The process is initiated by the Primary node 𝑃1 (green), and can trigger 
Secondary (blue) and Terminal (red) nodes. The Secondary nodes can trigger other nodes within the NPB (excluding Primary), and the Terminal 
nodes cannot trigger. The depicted network and NPB are not necessarily spatial, it is about the relationship between the nodes, i.e. all edges are 
directed to nodes within the NPB.

Table 1
Simulation algorithm for events in the time interval (0, 𝑇 ). Note that the ‘history’ of the simulated process is complete 
up to 𝑡 in step 5 (i.e. 𝓁th triggered Secondary event) because no events can be simulated before 𝑡 in step 5; i.e. we 
have full past knowledge of the process up to 𝑡. Further, because of potentially very different lag times between 
the occurrence time of a triggering event and its triggered events, the events are not necessarily simulated in 
chronological order in step 6. This is why it is important to re-sort after each simulation (step 6). Clearly many 
more system variable values, describing the state of the network at time 𝑡, could be saved at step 6 of the algorithm.
 Simulation Algorithm
 1 We create an event list where each record represents an event, with variables: triggering.node.name, 

triggered.node.name, and activation.time; plus any other sequence specific variable values 
required during the simulation.

 

 2 Simulate times of all events in (0, 𝑇 ) on all 𝑝 primary nodes 𝑃𝑖, where 𝑖 = 1,… , 𝑝. For each event, record the 
node name (𝑃𝑖) and its activation time 𝑡 ∈ (0, 𝑇 ). Add each record to the event list. In this special case, the 
node name goes into the triggered.node.name column, and the triggering.node.name is blank. 
All events in (0, 𝑇 ) on Primary nodes can be simulated at this stage because, by assumption in Section 2.2, 
there is no feedback from within the NPB, i.e., they are independent of the ‘history’ of the process.

 

 3 For each event simulated on a Primary node, simulate all events it triggers on Secondary nodes 
(𝑆𝑗 , 𝑗 = 1,… , 𝑠) and Terminal nodes (𝑇𝑘 , 𝑘 = 1,… , 𝜏). For each simulated event, record the triggering Primary 
node name (𝑃𝑖), the triggered node name (𝑆𝑗 or 𝑇𝑘), and its activation time 𝑡. Add each record to the event 
list. Sort the updated event list by activation time.

 

 4 𝓁 ← 1.  
 5 Return to the 𝓁th triggered Secondary event in the event list. If 𝑡 > 𝑇 , where 𝑡 is the time of this event, go to 

step 9, there are no further events in (0, 𝑇 ); else continue.
 

 6 Simulate all events that the 𝓁th triggered Secondary event subsequently triggers on Secondary nodes 
(𝑆𝑗 , 𝑗 = 1,… , 𝑠) and Terminal nodes (𝑇𝑘 , 𝑘 = 1,… , 𝜏). For each simulated event, record the triggering node 
name, the triggered node name (𝑆𝑗 or 𝑇𝑘), and its activation time 𝑡. Add each record to the event list. Sort 
the updated event list by activation time.

 

 7 If no additional events were simulated at step 6 and the 𝓁th triggered Secondary event is the last triggered 
Secondary event in the list, go to step 9, the cascade is complete.

 

 8 𝓁 ← 𝓁 + 1, then go to step 5.  
 9 Delete events from the list where 𝑡 > 𝑇 .  
6 
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Fig. 5. Connections (edges) between nodes within the multihazard system. The double circles represent Primary nodes, node and edge descriptions 
are found in Section 2.2.

Table 2
Hazard triggering pairs (directed edges).
 Source Process Targeta Mark  
 VOLCANO (V) Ashfall CU Volume  
 Debris flow CU Volume  
 Debris flow RS Forms ND  
 Ashfall INF Impact (fragility functions)  
 Debris flow INF Destroyed  
 PRECIPITATION (P) Rainfall CU Rainfall/time  
 Rainfall LS Rainfall/time  
 Rainfall INF Impact (fragility functions)  
 EARTHQUAKE (E) Shaking LS Landslide triggering  
 Shaking RS Dam failure triggering  
 Shaking ND Dam failure triggering  
 Shaking INF Impact (fragility functions)  
 CATCHMENT UNIT (CU) Rainfall run-off RS Volume  
 Sediment run-off RS Volume  
 Rainfall run-off ND Volume  
 Sediment run-off ND Volume  
 Saturation LS Proportion  
 RIVER SEGMENT/ Streamflow RSb Discharge volume  
 MAN-MADE DAM (RS) Sediment transfer RSb Sediment load/bed level  
 Streamflow NDb Discharge volume  
 Sediment transfer NDb Sediment load/bed level  
 Streamflow SBc Flow level  
 STOP BANK (SB) Failure INF Flooded  
 NATURAL DAM (ND) Overflow RS Dam forms a weir  
 Dam collapse INF Lahar destroys all nodes  
 downstream including SB  
 LANDSLIDE (LS) Landslide RS Forms ND  
 Landslide ND Reinforces ND  
 Landslide INF Destroyed if runout reaches node 
 INFRASTRUCTURE (INF) N/A N/A N/A  
a Primary, Secondary and Terminal nodes are denoted by one-, two- and three-letter codes, respectively.
b Downstream only.
c One on each side of the river segment.

3. Virtual testbed

The modelling of multiple hazard processes becomes extremely complex for at least two reasons: state of the art physical models 
for each individual hazard process can have very high computational requirements (e.g. weather forecasting) and a high number of 
parameters [46]. Secondly, it is not clear how to deal with the overall aleatoric uncertainty with multiple interacting hazards. Hence, 
in the graph model presented herein, the simulation requires known empirical relationships, with considerably less computational 
7 
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Fig. 6. Algorithm flowchart.

effort [47], and effectively accounting for the aleatory (stochastic) uncertainty. In the case study presented herein we illustrate a 
restricted subset of the model containing the ashfall/precipitation/streamflow interactions, and then later discuss how additional 
processes can be added into the model. The equations of the processes described in the subsequent section, and use in the case 
study, can be found in the Appendix of this paper. The virtual testbed is built upon a modular framework where each component 
simulates a specific physical process on an hourly time step. The overall architecture is designed to capture the cascading effects 
from volcanic ash deposition to altered hydrological response and subsequent sediment transport. An overview of the algorithm is 
summarized in Fig.  6.

The study area, including the delineated catchments and the network model structure consisting of nodes (reaches) and edges 
(connections), is shown in Fig.  7. The volcanic source for ashfall simulations was Mt Tarawera in the Okataina caldera. It is important 
to note, in the context of a testbed herein, that any Digital Elevation Model and volcano location can be used, allowing for application 
to different geomorphological settings.

3.1. Stochastic precipitation model

The model is driven by a stochastic precipitation generator that produces daily rainfall data, which is subsequently disaggregated 
to an hourly timescale. Daily rainfall depth (𝑧, in mm) is drawn from a Gamma distribution to account for the skewed nature of 
precipitation events: 

𝑧 = 𝛤
(

𝛼, MAP
𝛼

)

. (1)

The shape parameter 𝛼 for this distribution is controlled, in the context of a modular test bed, by a user-configurable value, and 
scaled by mean annual precipitation (MAP), measured in mm. Intermittency of rainfall (i.e. the chance of a dry day) is governed 
by a rain probability parameter 𝑃rain, with seasonal patterns defined as a sinusoidal function scaled by a strength parameter 𝑆season
to modulate the daily rainfall totals for every day (𝑑𝑖) of the year as: 

𝑹𝒊 = 𝑧
(

𝑆season sin
(

2𝜋𝑑𝑖
)

+ 1
)

𝑃rain. (2)

365
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Fig. 7. Map of the study area showing the Rangitaiki and Tarawera river systems in relation to the local topography and the Okataina caldera. 
The model’s network structure, consisting of nodes (river reaches — white circles) and edges (downstream connections — white lines), is overlaid 
on the catchments. The location of the volcanic source for ashfall simulations is also indicated.

Finally, the daily precipitation is uniformly disaggregated into hourly values 𝑟𝑖 = 𝑅𝑖∕24 within the hydrology model. This 
simplification ensures consistency with the (sub)model’s hourly timestep and reflects the study’s focus on catchment-scale cumu-
lative responses rather than short-duration convective rainfall events. Future developments of the framework could incorporate 
higher-resolution rainfall forcing when required for applications where sub-daily rainfall variability becomes crucial.

3.2. Volcanic ashfall simulation

Intermittent volcanic eruptions, which act as the primary trigger for the cascading hazard sequence, are simulated using a flexible 
stochastic framework. The model offers two distinct modes for determining the timing of eruptive events: a Stochastic Renewal Process
for long-term probabilistic assessment using a Weibull distribution [48], and a Deterministic Scenario that uses a predefined list of 
eruption days for ‘‘what-if’’ analyses.

When an eruption is triggered, its magnitude and dispersal characteristics are determined stochastically based on the tephra fall 
model of González-Mellado and De la Cruz-Reyna [49]. First, an erupted mass (𝑀0) is calculated, which then scales the parameters 
governing the ash dispersal. The resulting tephra thickness (in mm) at any point on the landscape is given as a function of the 
distance (𝑑) and angle (𝜃) from the vent, an effective eruption size (𝛾eff), a distance-decay exponent (𝛼eff), deposit elongation through 
diffusivity (𝛽) and wind speed (𝑈) and the dispersal axis (wind direction), (𝜙): 

𝑇 (𝑑, 𝜃) = 𝛾eff ⋅ exp[−𝛽𝑈𝑑(1 − cos(𝜃 − 𝜙))] ⋅ 𝑑−𝛼eff . (3)

This parameter-driven approach allows the testbed to explore a wide range of potential volcanic activities and their cascading 
impacts. The full equations for estimating eruption magnitude and ash dispersal parameters 𝛾eff, 𝛼eff, 𝜙 and the product 𝛽𝑈 are 
detailed in Appendix.

Once the total ashfall depth for each catchment is calculated, it is uniformly disaggregated to an hourly rate, providing the 
necessary input for the time-step-based hydrological and sediment transport models.
9 
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Fig. 8. Conceptual illustration of the primary cascading impact mechanism modelled. (A) In pre-disturbance conditions, precipitation is 
partitioned into interception, infiltration, and overland flow. (B) Following a volcanic eruption, a tephra-fall layer blankets the ground, sealing 
soil pores. This significantly reduces infiltration and increases the proportion of precipitation that becomes overland flow, leading to faster and 
larger flood peaks (modified from [51]).

3.3. Hydrological response and ash mobilization

The hydrological simulation translates precipitation and ashfall into river discharge and sediment flux. Runoff from each 
catchment is calculated using the Soil Conservation Service Curve Number (SCS-CN) method [50]. This widely-used, empirical 
model is well-suited for a virtual testbed due to its computational efficiency and because its central parameter, the Curve Number 
(CN), can be dynamically modified to represent changing landscape conditions. Here the key cascading impact of increased discharge 
and flood risk is driven by the physical sealing of the soil surface by ash, a process that is dynamically modelled.

The effective runoff depth (𝑄runoff) from an hourly precipitation value (𝑟𝑖, in mm) is given as 

𝑄runoff =
(𝑟𝑖 − 𝐼𝑎)2

𝑟𝑖 − 𝐼𝑎 + 𝑆eff
for 𝑟𝑖 > 𝐼𝑎 (4)

where (𝐼𝑎) is an ‘initial abstraction value’ that represents surface storage and initial infiltration (i.e. rainfall loss). The runoff 
calculation is moderated by the soil retention value (𝑆eff), governed by the effective curve number (CNeff): 

𝑆eff =
1000
CNeff

− 10 (5)

where CNeff varies with ash thickness (𝑇  from Eq.  (3)) and a decay constant (𝑘ash, see Appendix for full equations). This additional 
parameterization captures the dynamic impact of ashfall on runoff, not captured in traditional SCS-CN methods. As illustrated 
conceptually in Fig.  8, the ash layer seals soil pores, which significantly reduces infiltration and increases the fraction of rainfall 
that becomes surface runoff. This is represented by increasing the effective Curve Number (CNeff).

Rather than a simple linear increase, the model implements a more physically realistic exponential saturation function. This 
function ensures the initial, thin layers of ash have the most pronounced effect on sealing the soil, with the impact diminishing as 
the ash layer thickens (see Appendix for formula). This non-linear approach is crucial for capturing the exaggerated flood response 
observed after eruptions.

Ash that has been deposited on the hillslopes is made available for transport by rainfall. The mass of ash washed into the river 
during one time step (𝑀wash) is limited by the total mass of ash available in the catchment (𝑀avail) and proportional to the efficiency 
of ash wash (𝜂wash) and runoff (𝑄runoff from Eq.  (4)): 

𝑀wash = min
{

𝑀avail,𝑀avail ⋅ 𝜂wash ⋅
(

𝑄runoff
)}

, (6)

𝛥𝑄ref
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Fig. 9. Automated extraction of the river network and its characteristics from the input DEM and the delineated river reaches and sub-catchment 
boundaries overlaid on the Digital Elevation Model (DEM).

following the principles of the Universal Soil Loss Equation approach [52].
The hourly runoff volume from each catchment is converted into a discharge hydrograph by convolution with a triangular Unit 

Hydrograph (UH). The shape of the UH is determined by the catchment’s time of concentration, 𝑡𝑐 , which is calculated using the 
Giandotti formula based on catchment area, channel length, and elevation drop (see Appendix for all UH equations). The generated 
hydrographs are then routed through the river network using a lag-based system where travel time in each reach is a function of 
its length and a defined channel velocity.

Transport of ash washed into the river is governed by the hydraulic conditions in each reach. The transport capacity is based 
on bed shear stress, 𝜏, which is calculated at each step based on the current discharge, channel slope, and channel geometry (see 
Appendix for transport equations). The mass of ash transported (𝑇𝑐 , in kg per timestep) is then calculated as a power-law function of 
this shear stress, scaled by the ash transport coefficient 𝑘𝑡, ensuring that sediment routing is highly responsive to the flow conditions: 

𝑇𝑐 = 𝑘𝑡 ⋅ (𝜏1.5) ⋅𝑊 ⋅ 𝐿, (7)

where 𝑊  and 𝐿 are the channel width and length.

3.4. Simulation design

To clearly illustrate the model’s capability to analyse cascading impacts, we designed a comparative ‘‘what-if’’ analysis centred 
around a significant volcanic eruption. A detailed simulation was conducted for a 365-day period on an hourly time step, using the
scscn model configuration. This design allows the period prior to the eruption to serve as a baseline ‘‘no-ash’’ scenario, against 
which the post-eruption ‘‘ash-impacted’’ scenario can be directly compared. The key variables (from Eqs.  (1) through (7) and the 
Appendix), and their parameterization for this case are shown in Table  3
11 
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Table 3
Parameters, variables and values for New Zealand North Island land-use scenario.
 Parameter Variable Value  
 Precipitation
 𝛼 precip_sigma 5.0  
 MAP (mm) mean_annual_precip 2500  
 𝑃rain rain_prob 0.5  
 𝑆season season_strength 0.2  
 Ashfall
 𝛾0 gamma0 0.0016 
 𝛼0 alpha0 794.0  
 𝑀0 M0 4.0  
 Runoff
 𝐼𝑎 initial_abstraction_ratio 0.05  
 CNbase curve_number 70  
 𝑘𝑎𝑠ℎ k_ash 0.5  
 CNmax_increase max_cn_increase 25  
 𝜂wash wash_efficiency 0.05  
 Hydrology
 𝑘𝑡 transport_coefficient 5e−4  
 𝑣 channel_velocity_ms 0.5  

Fig. 10. Stock and flow relationship for the 365-day simulation with an eruption on day 180. (a) Daily rainfall driving the system. (b) Hydrograph 
(blue line) and ash discharge (brown dashed line) at the network outlet. (c) Ash stocks, showing the total mass of ash remaining on the hillslopes 
(green shaded area) and the cumulative mass of ash discharged from the network outlet (dotted line).

For this specific analysis, we opted for a deterministic eruption scenario. While the model is fully capable of simulating long-
term hazard exposure using a stochastic Weibull distribution for inter-eruption timing, a single, predefined eruption on day 180 
was chosen. This approach allows for a clear and unambiguous demonstration of the stock-and-flow dynamics and the direct hydro-
sedimentological consequences of a single ashfall event without the confounding effects of multiple, randomly timed eruptions. The 
parameters were chosen to represent a typical pastoral land-use scenario in New Zealand’s North Island.

4. Results

The simulation results provide a detailed picture of the dynamic, cascading interactions between volcanic ashfall, rainfall, and 
river system response. We focus on the stock-and-flow relationship, which describes how ash (stock) is stored in and released from 
the catchment and river network in response to hydrological events (flow).
12 
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Fig. 11. Ensemble hydrograph response comparing isolated and aggregated hydrographs from multiple, distinct storm events before and after 
the ashfall event. The radar diagram in the upper left corner represent the river discharge overlap between ash and no ash periods for different 
precipitation bins.

4.1. Ash stock and flow dynamics

The foundation of the simulation is the river network itself, which is extracted automatically from the Digital Elevation Model 
(DEM) provided as an input. As shown in Fig.  9, the pyflwdir library processes the DEM to delineate catchment boundaries and 
derive a stream network based on a minimum threshold for the Horton-Strahler stream order [53], which was set to (≥ 8) for this 
study and can be updated in the simulation. The resulting network provides the spatial structure for routing water and sediment, 
making the analysis adaptable to any virtual testbed scenarios.

The 365-day simulation included a significant eruption event on day 180. Fig.  10, generated directly from the simulation outputs, 
presents the core results, illustrating the relationship between hydrological drivers, sediment flow, and sediment stocks.

Panel (a) of Fig.  10 shows the daily rainfall driving the system. Panel (b) illustrates the system’s ‘‘flow’’ response at the outlet. 
Water discharge (blue line) responds rapidly to rainfall throughout the year. Ash discharge (brown dashed line), however, is 
contingent on the availability of ash (in this example, no ash discharge before day 180). Immediately following the eruption, 
rainfall events trigger significant ash discharge peaks in the river. This highlights the critical role of antecedent ashfall in mobilizing 
sediment.

Panel (c) visualizes the ash ‘‘stock’’ dynamics. The total mass of ash on hillslopes (green shaded area) appears instantly on day 
180 and is subsequently depleted by rainfall-driven wash-off events. The cumulative ash discharged from the outlet (dotted line) 
rises in steps, with each step corresponding to a period of ash mobilization. The difference between the initial hillslope stock and 
the cumulative discharged mass represents the ash that is either still on the hillslopes or in storage within the river network itself.

To further quantify the impact of ash on hydrological response, Fig.  11 compares the ensemble of hydrographs from significant 
storm events (> 10 mm/day) before and after the eruption. The script first identifies all significant storm events in the 365-day 
simulation period, defined as any day where the total rainfall exceeds a threshold of 10 mm/day. These storm events are then 
separated into two distinct ensembles based on their timing relative to the day 180 eruption: a ‘‘Pre-Ash’’ group and a ‘‘Post-Ash’’ 
group. For every storm in each ensemble, the corresponding hourly discharge hydrograph is extracted for a 144-hour window (72 h 
before and 72 h after the day of peak rainfall). All hydrographs within an ensemble are then aligned on a relative time axis, with 
time zero representing the peak rainfall day. The statistical properties of each ensemble are then calculated. For every hour on the 
relative time axis, it computes the mean and the maximum discharge across all hydrographs in the group. The plot shows the mean 
response (solid and dashed lines) and the range from mean to maximum response (shaded areas) for pre-ash (blue) and post-ash 
(orange) conditions, aligned to the day of peak rainfall. Each discharge peak corresponds to a discrete rainfall event exceeding 
5 mm/day, separated by dry intervals, explaining the observed variability.

The resulting plot clearly demonstrates the cascading effect of ashfall. The post-ash hydrographs (orange) are significantly more 
variable. The mean response (dashed orange line) is consistently higher, and the range between the mean and maximum response 
(shaded orange area) is far larger than for the pre-ash events (blue). This illustrates that for a given amount of rainfall, the river 
system produces a faster and larger flood peak after being blanketed by ash. This is a direct consequence of the physical mechanism 
modelled: the ash layer seals the soil surface, reducing infiltration and converting a larger fraction of rainfall into rapid surface 
runoff, thereby dramatically increasing flood risk.
13 
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Fig. 12. Snapshots from the simulation showing the spatio-temporal evolution of water and ash flow through the river network. The top row 
displays water discharge (m3/s) and the bottom row shows the corresponding ash flow (kg/s) at three key moments. (Left, Step 1104/Day 46):
Baseline, pre-eruption conditions with normal water discharge and negligible ash flow. (Center, Step 4368/Day 182): The period immediately 
following the day 180 eruption, where a rainfall event is mobilizing fresh ash from the headwaters into the river system. (Right, Step 8568/Day 
357): The long-term response, showing the ash pulse has propagated downstream and is now concentrated in the main stem of the river network, 
long after the initial event.

4.2. Spatio-temporal cascade dynamics

The virtual testbed also allows for visualization of the cascade’s spatial evolution. Fig.  12 shows snapshots from the simulation, 
illustrating how water and ash propagate through the network at key moments.

Water discharge is a persistent feature of the network, present at all stages of the simulation (Fig.  12, top row). In contrast, 
significant ash flow is highly transient and localized (Fig.  12, bottom row), activated only where there is both available ash and 
sufficient water flow. The snapshots clearly illustrate the life cycle of the ash pulse. Initially, there is no ash in the system (left panel). 
Immediately after the eruption, the ash is mobilized in the headwater catchments where it first landed (centre panel). Weeks later, 
the pulse has been advected downstream and is now concentrated as a wave of sediment in the main river channels (right panel). 
This spatio-temporal analysis is crucial for understanding where in the network the greatest hazards (e.g., channel aggradation, 
impacts on water quality) might occur and how their location changes over time following an eruption.

5. Discussion

Our network-based stochastic case study serves as a ‘‘what-if’’ virtual testbed, providing a window into the complex, cascading 
interactions between volcanic and hydrological hazards. The results quantify these interactions and illustrate the potential value of 
this approach for Disaster Risk Management (DRM) within a complex multi-risk framework.

The primary contribution of this work is the conception and implementation of a functional virtual testbed for assessing cascading 
hazard impacts. The model can be used to test the sensitivity and long term dynamics of volcanic ash significantly altering catchment 
hydrology by reducing infiltration and increasing runoff — a significant risk for populations living downstream. Our testbed moves 
beyond static analysis by simulating the temporal evolution of this risk. The results explicitly visualize these cascading effects, 
14 
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with the stock-and-flow analysis (Fig.  10) quantifying the mobilization and eventual depletion of ash stocks, while the hydrograph 
comparison (Fig.  11) provides quantitative evidence of increased flood peaks post-eruption. The simulation reveals that the period 
of heightened flood vulnerability can persist for months to years.

A key objective of virtual testbeds is to support decision-making under uncertainty. Our model achieves this through its stochastic 
hazard components and computationally efficient design, which enables the systematic exploration of ‘‘what-if’’ scenarios. The 
testbed allows risk managers to explore low-probability, high-impact events that are absent from historical records but pose a 
credible threat. By generating probabilistic outputs, the model helps decision-makers move beyond single, deterministic forecasts 
and instead allows them to assess the full range of potential outcomes, aiding in the effective allocation of resources to build more 
resilient communities.

It is important to acknowledge the model’s design trade-offs. To achieve the computational efficiency required for rapid, 
stochastic, multi-year simulations, our model simplifies certain complex processes. For example, it treats ash as a single-class 
sediment and uses a simplified routing scheme. This distinction highlights a key strength of our model: it is purposefully designed 
as a streamlined and ‘‘light data requirement’’ simulation for focusing specifically on multihazard environments without accessible 
datasets. The model can easily incorporate additional data through the hazard and routing input modules.

While in some situations more complex models may produce more accurate outputs, this is not always the case for natural 
hazards [54] and is highly unlikely to be the case for multihazard models where a major limitation remains the lack of relevant 
data. When adding finer detail into a model, there comes a point where a new term serves no purpose because its effect is swamped 
under the uncertainty of the more major terms, and consequently contributes no real improvement to the model. This problem is 
amplified when including dynamic cascading interactions [22]. Thus, the focus here, and in the wider field, is on stochastic models 
that can aid both in decision-making for downstream effects, and also provide much needed insight into the complex interactions 
of different system components.

This streamlined, network-based architecture makes our virtual testbed a suitable ‘‘building block’’ for a larger, interconnected 
digital ecosystem of multi-risk models. Different models, with varying levels of complexity, can serve different but complementary 
roles. This work serves as a practical example of how a standalone testbed can be developed with the principles of interoperability 
and scalability, contributing a specific and crucial capability to a broader suite of tools for managing complex risks.

Scalability (from area to region to country) is straight-forward due to the bottom-up, compartmentalized structure of the 
methodology. All that is required is the addition of relevant nodes, using a stochastic model of choice and/or location of interest, 
and then define the connections between these (i.e., the edges). Examples of increasing model complexity are illustrated below 
in Section 5.1 through additional hazards (earthquakes, landslides), and critical infrastructure (stop-banks, man-made dams). 
Standardized input–output formats between nodes enable straightforward coupling with other hazard or impact models such as 
landslide or debris-flow simulations. In theory, any existing hazard model (or at least the output from it) can be made interoperable 
with this network model, but to realize the true potential of the virtual testbed these should be stochastic in nature, in order to 
sufficiently translate upstream to downstream uncertainties.

5.1. Additional stochastic hazard models

In order to fully simulate a multihazard scenario as illustrated in Fig.  3, we require phenomenological models for the remaining 
hazards listed in Table  2. Some possibilities are discussed below.

Regional earthquakes of magnitude 4 and up could be simulated using a Poisson process based on declustered [55] events from 
the NZ Earthquake catalogue (http://wfs.geonet.org.nz/). The magnitude of the simulated events is assumed to have a truncated 
exponential distribution on the interval (4, 8) which satisfies the Gutenberg–Richter relationship on this interval. Large events have 
the potential to trigger damaging aftershocks, and these aftershocks are simulated using a bivariate Gaussian distribution centred 
on the parent, with an Omori decay in time [56]. Earthquake magnitude and epicentre is sent to each Landslide node in order to 
determine individual Landslide initiation probabilities. We can use existing models [57–59] to calculate Peak Ground Acceleration 
(PGA) at nodes of interest (Infrastructure, Natural Dam, and River Segment/Man-made Dam. As most earthquakes in New Zealand have 
occurred on previously unknown faults [60,61], we assume that all fault characteristics are the same within the region for GEM 
purposes.

Volcano-tectonic earthquakes can be omitted because the effects are considered negligible due to the limited magnitude [62] 
and considerable distance to any infrastructure, which are deemed earthquake resistant for such magnitudes. If included they would 
be a separate node, tied to the respective volcano, and with different spatial and impact links to those of the regional earthquake 
node.

An inundation flood requires the breach or overtopping of a stop bank along the river. Each River Segment/Man-made Dam and 
any Natural Dam nodes are connected to two Stop-bank nodes, one on each side of the river. The likelihood of a breach from the stop 
bank to the inundation area is a function of the water level above the stop bank divided by the height of the stop bank [63]. In the 
event of a breach, propagation from the respective River Segment/Man-made Dam or Natural Dam is assumed to occur instantaneously. 
A breach also dynamically reduces the stopbank height [64], with the water levels at the River Segment/Man-made Dam or Natural 
Dam reduced to this height. Note that if the water levels continue at this level, the Stop-bank will continue to fail until its height 
reaches that of the surrounding terrain.

Debris avalanches due to dome collapse at the Volcano may affect Infrastructure or River Segment/Man-made Dam nodes through 
a process that involves dome growth, collapse and subsequent flow. The destructiveness of debris avalanche flows mean that the 
intensity variable for debris avalanches at Infrastructure nodes is a binary variable indicating whether the debris avalanche arrives 
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at the location or not. Arrival at any single node is primarily controlled by the volume of the source avalanche [65]. Temporal 
occurrence is controlled by a Poisson process with parameters based on the work of Mendoza-Rosas et al. [66], which is reset 
by the explosion process above as an explosion will at least partially destroy the dome. The avalanche volume is function of the 
length of the growth period since the last collapse or explosion, and a random variable for the proportion of a dome mobilized in 
a collapse [67].

Landslides are only considered at locations where a) the slope exceeds some minimum amount and, b) to where a landslide could 
impact an Infrastructure node, or form a Natural Dam by infilling a River Segment/Man-made Dam. The probability of a Landslide being 
initiated could be parameterized as a simplified version of the model presented by Frigerio Porta et al. [68], where both rainfall 
(short- and long-term) and earthquake shaking contribute to the likelihood. Once a Landslide is initiated, it is propagated or not 
using the relationship from [13], where propagation occurs if the volume/run out is great enough compared to the ‘distance’ to the 
downstream node. Where a Landslide reaches an Infrastructure node, damage is assumed to be complete, however, where a Landslide 
reaches a River Segment / Man-made Dam, a sufficient volume is required to create a Natural Dam.

Once a Natural Dam exists, water and sediment are unable to propagate past and instead build up behind the Natural Dam until 
either dam failure or overtopping occurs. Dam failure could be modelled using a simplified form of the model from Frigerio Porta 
et al. [69], based on the water level, and the height and length of the natural dam. These values are inherited from the streamflow 
model, the Landslide volume that reached the original River Segment/Man-made Dam node, and the cross-section of the River 
Segment/Man-made Dam at that point. Should the Natural Dam fail, then propagation in the form of a lahar occurs at the next time 
step. The initial lahar volume is the accumulated water at the Natural Dam, plus that of the accumulated sediment at the Natural 
Dam. Lahars triggered from dam failure are typically catastrophic, causing flooding and geomorphic change downstream of the 
outbreak [70], such as from the 1315 Tarawera outbreak [9]. As a simplification to this process, all downstream nodes (including 
all River Segment/Man-made Dam, Stop-bank, and Infrastructure nodes) are considered destroyed/flooded, with the mass spread evenly 
across all downstream nodes. Alternatively, if the water height reaches the height of the dam, and the Natural Dam has not yet failed, 
water is allowed to propagate downstream over the Natural Dam; it becomes a weir.

5.2. A future for multihazard risk management

There is a need for models that can quantify multihazard occurrences and impacts, which can either increase [71,72] or 
decrease [73] risk. These considerations are particularly vital when applied to critical infrastructure [74,75]. Hazards can interact 
in many and complex ways, through triggering, coincidence and heightened likelihood [21,76–78]. Initial attempts to statistically 
correlate the risks and sidestep modelling hazard occurrence [79,80] have not been widely adopted, as they are limited to insurance 
applications. Many papers have outlined frameworks for assessment and management of multihazard risk [20,23,81–84], but the 
issue of parameterizing and quantifying occurrences, lags and magnitudes is greatly hampered by the absence of observed data 
at an appropriate resolution. While efforts have been made to assemble global datasets [85] for global analyses [86], regional or 
sub-regional data is almost unknown, forcing resort to expert judgement and elicitation [82]. These frameworks can also lack full 
spatio-temporal dimensionality, concentrating on scenario-based effects between event-defined hazard locations [23,87]. There is a 
clear need to develop quantified models with spatio-temporal resolution, which can then be used for risk analysis and consequent 
decision making [74,83,84].

In this paper we have taken a ‘bottom-up’ approach by piecing together a regional-scale simulation model for multihazard 
occurrences and impacts. To do so, we have leveraged simple, but sufficiently complex for this experiment, stochastic models for 
individual hazards, and linked these in a network structure. Physics-based simulations have been suggested by Jenkins et al. [88], but 
the computational demands will inevitably compromise the quantification of uncertainty in the results, as either scenarios must be 
resorted to, or very few simulations be performed. Accounting for every square meter of space is also computationally burdensome, 
and so we abstract space to only the locations that matter, either in terms of a cascading hazard, or a possible impact. A similar 
pragmatic approach to appropriate levels of detail has been suggested by Zuccaro et al. [89].

6. Conclusions

This study details the conceptualization and implementation of a dynamic, network-based virtual testbed for assessing cascading 
risks between volcanic ashfall and hydrological systems. By incorporating dynamic temporal processes within a computationally 
efficient framework, our model provides a realistic simulation environment for exploring multihazard interactions and their 
implications for Disaster Risk Management (DRM).

Our case-study application to the Rangitaiki and Tarawera river systems demonstrates that the testbed can effectively quantify 
the significant increase in flood risk caused by volcanic ashfall, particularly when compounded with high-intensity precipitation. 
The ability to run numerous ‘‘what-if’’ scenarios within a stochastic framework provides decision-makers with tools for planning 
under uncertainty.

This work serves as a proof-of-concept for how a virtual testbed can be designed as a modular, transferable building block. 
By making deliberate trade-offs between physical complexity and computational speed, it offers a promising pathway for bridging 
the gap between intensive research models and the practical, operational tools needed to help society navigate the challenges of 
complex, cascading disasters.
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Appendix. Model equations and parameters

Here we provide more details of the governing equations used in the virtual testbed example.

A.1. Volcanic ashfall model

When an eruption is triggered, its magnitude, represented by the total erupted mass 𝑀0, is drawn from a log-normal distribution: 

𝑀0 = 1010.36+0.3𝑍 (8)

[90], where 𝑍 is a standard normal random variable,  (0, 1). This mass scales the parameters of the tephra fall model, which 
calculates the ash thickness, 𝑇  (in cm), at a distance 𝑑 (km) and angle 𝜃 (radians) from the vent: 

𝑇 (𝑑, 𝜃) = 𝛾eff ⋅ exp[−𝛽𝑈𝑑(1 − cos(𝜃 − 𝜙))] ⋅ 𝑑−𝛼eff (9)

The parameters for this equation are determined stochastically for each eruption, using the following empirical relationships derived 
from simulating multiphase eruptions [91] using Tephra2 [92] to model the resulting ash dispersal:

• The effective eruption size, 𝛾eff, is scaled by the erupted mass and a baseline coefficient, 𝛾0: 
𝛾eff = 𝛾0 ⋅𝑀

0.46
0 ⋅ 100.11𝑍𝛾 (10)

• The effective distance-decay exponent, 𝛼eff, is inversely related to magnitude and controlled by a baseline coefficient, 𝛼0: 
𝛼eff = 𝛼0 ⋅𝑀

−0.25
0 ⋅ 100.07𝑍𝛼 (11)

• The main dispersal axis, 𝜙, is determined by drawing a value 𝐵 ∼ Beta(0.358, 0.317) and setting 𝜙 = 2𝜋𝐵.
• A parameter controlling deposit elongation, 𝛽𝑈 , is derived from the decay exponent and a random component: 

𝛽𝑈 = 0.22 − 0.085𝛼eff + 0.11𝑍𝛽𝑈 (12)

The value of 𝛽𝑈 is redrawn if it becomes negative.

In the above equations, 𝑍𝛾 , 𝑍𝛼 , and 𝑍𝛽𝑈  are independent standard normal random variables.

A.2. Hydrological response and ash transport

A.2.1. SCS-CN runoff calculation
The potential maximum soil moisture retention, 𝑆 (in inches), is calculated from a baseline Curve Number (CN ):
base
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𝑆base =
1000
CNbase

− 10 (13)

Initial abstraction, 𝐼𝑎, is modelled as a fraction (𝜆) of 𝑆: 

𝐼𝑎 = 𝜆𝑆 (14)

The dynamic impact of ashfall is represented by an increase in the effective Curve Number (CNeff). The increase, 𝛥CN, follows an 
exponential saturation function based on ash thickness, ℎash (in mm), a maximum increase parameter, CNmax_increase, and a decay 
constant, 𝑘ash: 

𝛥CN = CNmax_increase
(

1 − 𝑒−𝑘ash⋅ℎash
)

(15)

CNeff = min(98,CNbase + 𝛥CN) (16)

The final runoff depth, 𝑄runoff (in mm), for an hourly precipitation event, 𝑃  (in mm), is calculated using the effective retention, 
𝑆eff (derived from CNeff): 

𝑄runoff =
(𝑃 − 𝐼𝑎)2

𝑃 − 𝐼𝑎 + 𝑆eff
for 𝑃 > 𝐼𝑎 (17)

A.2.2. Unit hydrograph generation
The catchment’s time of concentration, 𝑡𝑐 (in hours), is calculated using the Giandotti formula: 

𝑡𝑐 =
4
√

𝐴 + 1.5𝐿

0.8
√

𝐻
(18)

where 𝐴 is the catchment area (km2), 𝐿 is the main channel length (km), and 𝐻 is the total elevation drop (m). From this, the 
triangular Unit Hydrograph parameters – time to peak (𝑡𝑝), time base (𝑡𝑏), and peak discharge per unit of runoff (𝑞𝑝) – are derived:

𝑡𝑝 = 0.6 ⋅ 𝑡𝑐 (19)

𝑡𝑏 = 2.67 ⋅ 𝑡𝑝 (20)

𝑞𝑝 =
0.208𝐴

𝑡𝑝
(21)

A.2.3. Hillslope wash model
The mass of ash washed into the river, 𝑀wash, is driven by the incremental runoff, 𝑄runoff. The potential mass washed is a 

function of the total available mass on the hillslope, 𝑀avail, a wash efficiency parameter, 𝜂wash, and a reference runoff depth, 𝛥𝑄ref
(10 mm): 

𝑀wash, pot = 𝑀avail ⋅ 𝜂wash ⋅
(

𝑄runoff
𝛥𝑄ref

)

. (22)

The actual mass washed is limited by the total mass available: 

𝑀wash = min(𝑀avail,𝑀wash, pot). (23)

A.2.4. In-stream sediment (Ash) transport
Transport capacity is governed by bed shear stress, 𝜏, which is calculated for each reach: 

𝜏 = 𝜌𝑤𝑔𝑅ℎ𝑆0 (24)

where 𝜌𝑤 is water density, 𝑔 is gravity, 𝑅ℎ is the hydraulic radius (a function of discharge and channel width), and 𝑆0 is the channel 
slope. The transport capacity, 𝑇𝑐 (in kg per time step), is a power-law function of shear stress, scaled by a transport coefficient (𝑘𝑡), 
channel width (𝑊 ), and length (𝐿): 

𝑇𝑐 = 𝑘𝑡 ⋅ (𝜏1.5) ⋅𝑊 ⋅ 𝐿. (25)

Data availability

The model code and simulation configuration files used in this study are publicly available on GitHub.
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