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Abstract
Wildfires are an important safety issue in many regions of the world. They can threaten both rural
and urban areas – affecting infrastructure and life safety. Wildfires prove to be a greater safety risk
to populations bordering wildland areas, known as the wildland urban interface (WUI), having the
potential to damage person and property. This report introduces a modelling platform, called WUINITY, for the simulation of human and fire behaviour during a wildfire evacuation at the wildlandurban interface (WUI). The scope of this platform is to enhance the situational awareness of
responders and residents in evacuation scenarios providing information on the dynamic evolution
of the situation. In contrast, information available is typically static (i.e. snapshots of information
about the current or historic situation rather than predicted future conditions). The lack of dynamic
information influences the effectiveness of decision-making for the training, planning and
undertaking of evacuation scenarios. Therefore, WUI incidents present a unique challenge to
citizens, planners and responders. The nature of the incident is enormously varied in how it starts
and the factors that influence it, complex, dynamic both temporally and spatially. The work
presented here assumes that decision-making in the preparation, training for and undertaking of WUI
evacuation scenarios would benefit significantly from a broader range of predictive information that
reflects the evolving conditions beyond the current timeframe.
The approach adopted here represents current and predicted conditions (fire, pedestrian and
traffic) in a coupled manner, to generate a dynamic projection, enabling a similarly integrated and
dynamic (i.e. changing along with the evolution of the fire scenario) vulnerability assessment. The
concept of dynamic vulnerability mapping requires (1) the representation of multiple subject
domains and (2) make predictions of what the capacity of communities to cope with those
conditions. The proposed platform integrates different modelling layers and has both of these
capabilities. The simulated results may then be in a number of forms:
• 2D mapped visualisation showing how the fire, traffic and pedestrian responses evolve in
real-time as the scenario progresses.
• interpretations of this simulated evolution to map the identified dynamic vulnerability of the
pedestrian population given the conditions faced. This may involve the determination of how
the vulnerability levels for certain locations/populations are derived, i.e. the interpretation
of vulnerability levels facilitates the understanding of the evolving conditions.
This represents a significant change for residents, practitioners and responders who would then be
able to see the potential impact of a scenario and their implications - enhancing their situational
awareness and capability to plan and train and respond to a future or current WUI scenario.
WUI-NITY has been developed using the desktop game engine called UNITY. A game engine allows
for sub-models (e.g. the wildfire modelling tool FARSITE, a pedestrian/traffic evacuation model and
the trigger buffer tool PERIL) to be developed modularly and embedded within the same
environment. The use of the UNITY game engine thus greatly simplifies the integration of the
specified key modelling components and the necessary data exchange with external components,
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such as map data and wildfire spread models. WUI-NITY provides a tool for the coupling of wildfire,
pedestrian, and traffic simulations. Semi-empirical wildfire model FARSITE was coupled, using local
topographical, climate and fuel data to model how a wildfire would develop in the WUI. A
macroscopic pedestrian response and movement model was integrated within WUI-NITY to allow
for the representation of human behaviour and access to the traffic system. A macroscopic traffic
model based on fundamental traffic flow relationships was integrated within WUI-NITY for the
calculation of the time needed to evacuate the area. The application of the platform for decision
support in evacuation planning and management is presented through the concept of trigger
buffers, implemented through a novel tool called PERIL. PERIL generates perimeters around at-risk
populated regions which identify the appropriate or safe time is for the population is to evacuate,
based on when the wildfire front intersects this perimeter. The development process of the WUINITY and PERIL are presented along with two case studies demonstrating its possible uses, namely
1) the Swinley forest in the UK and 2) the Roxborough Park WUI community in Colorado, USA. In
particular, the case study concerning Roxborough Park is based on data collected from an actual
evacuation drill conducted by the community and presented in this report for the first time. This
novel data-set includes information on pre-evacuation time, arrival times and route choice which
are useful for the validation of pedestrian response/movement models and traffic models.
The technical capability of the tool to dynamically model and visualise the fire and human response
in a WUI scenario, along with an explanation on how to operate it, are presented through a video
tutorial linked in this report. This means that a detailed guide to the use of the tool and its associated
GUI, model configuration and model output is provided in an accompanying demonstration in
Appendix 1.
The main output produced by the WUI-NITY platform are predictions generated by the coupled
models, which is a unique and novel feature. These features allow the system to establish and map
the dynamic vulnerability – representing the (lack of) capacity for simulated populations to cope
with the conditions available give the resources available. The information concerning dynamic
vulnerability obtained with the WUI-NITY platform is useful for evacuation planners and emergency
responders, as it gives the possibility to evaluate the dynamic vulnerability of an area given evolving
conditions and fire scenarios. Overall, WUI-NITY has the potential to be implemented and help global
WUI communities, to allow for better planning, training and practices during and in preparation for
WUI fires.
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1. Introduction
Wildfires are an important safety issue in many regions of the world. They can threaten both rural
and urban areas – affecting life safety, infrastructures and economy in the short-term, and the
environmental in the long-term. For example, in Canada alone, over the last decade, there has been
an average of 7084 wildfires each year involving an estimated 27 200 km2 of wildland area
(Beverly & Bothwell, 2011; Caton, Hakes, Gorham, Zhou, & Gollner, 2016; McGee, McFarlane,
& Tymstra, 2015; Sandick, Kovacs, Johnston, & Mintz, 2017; Toman, Stidham, McCaffrey, &
Shindler, 2013).
The situation has been evolving in other countries which historically have had severe wildfires
events such as the US, Australia and Southern Europe. Factors affecting how severe are fire
seasons include (a) increased fire activity (i.e., active fires), (b) hotter/drier summers, (c) stronger
winds, (d) insect infestations, and (e) residential population growth near/in the wilderness
(Paveglio et al., 2015). The US wildland urban-interface (WUI) increased by 52% between 1970
and 2000, eventually constituting 12.5 millions of households and nearly 500000 km2 of land
(Cova, Drews, Siebeneck, & Musters, 2009; Theobald & Romme, 2007). Similarly, other regions
(e.g. Central/South America, Africa, Northern Europe) may be increasingly vulnerable to wildfires
due to climate change, which may affect the location, likelihood and severity of fire events (Jolly
et al., 2015).
The current location and possible future expansion of the WUI poses severe challenges to
community safety from an evacuation perspective. Large wildfires are associated with severe
negative consequences including mass community evacuation, property and livelihood losses,
social disruption, short‐term and long‐term damage to infrastructure, as well as evacuee and
responder fatalities/injuries (Caton et al., 2016; Maranghides & Mell, 2011, 2011; Mell, Manzello,
Maranghides, Butry, & Rehm, 2010). This challenge is likely to evolve and become more complex
in future events. This has implications for the residents of such areas, community/safety planners,
emergency managers, the construction industry and the insurance industry – to name but a few.
The social and physical geography associated with WUI communities presents an especially
complex challenge that needs to be addressed to ensure life safety. Developmental densities, the
layout and capacity of the road network, and the surrounding geographical terrain all contribute to
the capacity of community members to reach a place of safety in response to a WUI incident (Cova,
2005). In addition, community demographics, social system and capacity to cope with an incident
all affect any incident and our assessment of it. Critically, understanding the development of the
fire alone is not a sufficient predictor of the impact of the incident on nearby populated areas
(Cutter, Boruff, & Shirley, 2003). In effect, the same fire can have different consequences on
different communities. Given their scale and complexity, it is contended that WUI incidents
require a multi-domain approach to assess their impact and the effectiveness of any mitigation
efforts.
Decisions made during development of community planning, property maintenance, emergency
planning, public/ responder training, and the evacuation itself are all heavily reliant on the
information available concerning the threat evolution and its impacts; that is, the accessibility,
scope, refinement, accuracy, and credibility of the information available to the relevant actors that
9

establishes their situational awareness during the WUI fire response. The emergency response to
WUI fires will depend on the capacity of the affected community and emergency responders to
prepare for the hazards, adapt their response to the evolving conditions of the incident (given that
resources and infrastructure are available for them to do so), and recover from disruptions in the
immediate aftermath of the incident. To ensure that this preparation and response is adequate, the
effectiveness of pre‐incident decisions and decisions taken during the incident by both emergency
responders and the community needs to be understood to allow assessment of these decisions
before they are put into practice in the real world.
Currently, the situational awareness of responders and residents typically consists of static
information. Decisions made during community planning, upkeep, and response are all heavily
reliant on the information available (Seppänen & Virrantaus, 2015). The lack of current and
dynamic information influences the effectiveness of these decisions. Wildfire incidents present a
unique challenge to planners and responders. The nature of a wildfire incident is enormously varied
(in how it starts and the factors that influence it), complex, dynamic (both temporally and
spatially), and has the potential to last for long periods of time. The work presented here assumes
that the decisions made during community planning, upkeep, and response would benefit from a
broader range of information that can projected beyond the current timeframe and could reflect the
evolving conditions. Projected conditions help support community decisions.
The use of (i) fire development, (ii) pedestrian movement and (iii) traffic simulation tools currently
enable the independent calculation of performance levels of these core three WUI evacuation
processes. While current and projected conditions across these core processes are represented in a
number of ways, they are most invariably represented in isolation:
1. The available fire development / risk assessment approaches typically map (and model)
historical and current fire data in a static form, and are presented in isolation of other output.
2. The available static environmental vulnerability approaches map a range of historical data
as a static vulnerability snapshot (Gwynne et al., 2019), as shown in Table 1.
3. Existing vulnerability projections map dynamic, projected data from distinct domain
models and then represent each set of results in isolation.
4. The available inferred dynamic approaches map dynamic, projected data from distinct
domain models and then represents a compiled set of results after their interaction has been
inferred, and after an additional layer of analysis, making it incapable of explicitly
depicting key interactions.
The approach adopted in this work can represent current and projected conditions (fire and the
pedestrian / traffic response) in a coupled manner, to generate a dynamic projection, enabling a
similarly integrated and dynamic vulnerability assessment.
Quantifying this performance enables comparison between the results produced given different
scenarios, procedures, and evacuee responses; this is usually in the form of timelines formed for
each scenario domain. For instance, comparing an evacuation timeline with a fire development
timeline. This evidence-based method is well-developed as part of a performance-based design for
the built environment, although even here an integrated approach in performance-based design is
still in its infancy, and only a few attempts to couple different modelling layers exist (Beloglazov,
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Almashor, Abebe, Richter, & Steer, 2016; Cova, 2005; D. Li, Cova, & Dennison, 2018; Padgham,
Nagel, Singh, & Chen, 2014; Scerri et al., 2010). The timelines involved in WUI incidents are less
linear than those typically evident in a building incident, exist over longer periods and have more
interacting actors, which further complicate the representation of the timeline. However,
approaches can be borrowed from the built environment to frame the assessment of WUI incidents
and the associated simulation needs.
Table 1. Difference between current mapping approaches and how coupled modelling can be facilitated
by an integrated simulation platform.
Modelling and Mapping Approach
Static
Projected
Inferred Dynamic
WUI-NITY
Outcome
Fire Risk
Vulnerability
Performance
Assessment
Snapshot
(Independent)
Currently
yes
yes
yes
yes
Described here
available?
Historical /
Current /
Source
Current
Historical
Projected
Projected
Projected
↓
↓
↓
↓
↓
Fire
Fire / Ped / Traf Fire Ped Traf Fire Ped Traf Fire / Ped / Traf
Domain
↓
↓
↓
↓
↓
↓
↓
↓
↓
↓
H-O-P*
↓
↓
↓
Compilation
↓
Analysis
↓
↓
↓
↓
↓
↓
↓
Static
Static
Dyn Dyn Dyn
Dyn
Dyn
Narrative
↓
↓
↓
↓
↓
↓
↓
Report
Isolated
Coupled
Isol Isol Isol
Overlayed
Coupled
*H-O-P refers here to hazards-of-place model (Cutter et al., 2003)

Figures 1 and 2 show engineering timelines for the Available Safe Escape Time (ASET) and
Required Safe Escape Time (RSET) that have been modified to be more representative of wildfire
incidents (Ronchi, Gwynne, Rein, Intini, & Wadhwani, 2019). Although these timelines are more
complex and iterative than the traditional approach, they still exclude a significant amount of
interaction between the various domains and, perhaps more importantly, exclude the potential for
multiple fire events and multiple evacuation events; e.g. new fires, repeat fires, new communities
being evacuated and the same community experiencing several evacuation events.

Figure 1. WASET (WUI ASET) timeline (Ronchi et al., 2017).
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Such wildfire incidents can be extremely complex and dynamic - involving many structures,
locations, and organisations in a short-period of time. To successfully respond to such incidents,
people involved must understand current and near future events that affect theirs and their
dependents’ chances reaching safety. Efficient information sharing is crucial to enable informed
decision-making, and special attention should be paid to the critical information needs and the
quality of that information. To project current and historical information from the three domains
requires a simulation framework that can absorb, process and assess in real-time. The framework
outlined here has the potential to do just that.

Figure 2. WRSET (WUI RSET) timeline (Note: FF refers to firefighters) (Ronchi et al., 2017).

Often, the wisdom derived from previous wildfire disasters is the only source of information
available for emergency responders and those that make vital decisions during an incident.
However, there is no guarantee that these experiences correlate well with the current situation or
with future concerns. Given the changing factors highlighted earlier, it is apparent that the
dynamics of a wildfire evacuation may be changing such that historic data – although important –
may not necessarily be sufficiently instructive. Although such input is necessary to enhance our
understanding, there is no guarantee that it provides explanatory insights that are sufficiently
sensitive to the current (and future) context and evolving conditions. Resources are available that
allow the current situation to be monitored, inform risk assessment and response decisions
(Westhaver, 2015). However, it is not always reliable, with the help of current resources to project
the near future, i.e., to establish how the current situation might evolve. As noted above, current
resources do not allow for the impact of procedural decisions to be assessed (and quantified) before
they are executed in an integrated manner that accounts for key contributing factors and the
interactions between them. To do this, a simulation framework is required that integrates fire,
pedestrian and traffic domains to explore the development of a wildfire and the impact that this
has on the public's response (e.g., evacuation using vehicles or on foot).
A mechanism is required that can translate empirical and theoretical understanding into evidence‐
based projections. A simulation framework that can establish evacuation performance ahead of
12

time, and with relatively little cost, establishing the impact of different responses, resources, and
incident scenarios would be useful and it would complement current planning and educational
approaches. Such a framework might be used to predict how an evacuation develops based on
current and possible future fire conditions, given different affected populations and evacuation
decisions (e.g., staggered evacuation by neighbourhoods, etc.) and the access/availability of
different resources (e.g., road access, public transport, traffic congestion, etc.). A proof-of-concept
of this simulation framework has now been implemented and is described here.
As part of the previous NIST-funded e-sanctuary project (Ronchi et al., 2017), the authors
produced a specification for a simulation framework that quantifies evacuation performance during
WUI incidents including inputs from three core domains: fire development, pedestrian
performance and vehicular traffic (Prestemon et al., 2013). This work represented an effort to
inform the assessment of current and potential WUI incidents by specifying a design for a future
integrated simulation system. This work focused on determining the types of required model
functionality needed information to execute them, the information exchange between internal submodels and the output that might be produced and when it might be produced. This work examined
a variety of modelling tools capable of representing fire propagation, pedestrian movement, and
traffic evacuation at different scales and at different levels of granularity. A key determinant in the
application of such a system is the (spatial and temporal) scale of the incident, the information
available, user requirements/resources and the time available to produce actionable results. The
integrated system should be able to decide which attributes of each model might be employed
(given the constraints available) so that results are credible.
The work outlined here represents the first stage of this development: the implementation of the
macro-level integrated simulation framework that can provide real-time assessment of the evolving
conditions. The framework has been designed to be ‘micro-level-ready’; i.e. has been designed
and developed on the assumption that an additional set of micro-level simulation components can
be integrated.
The framework has been designed to not only simulate the conditions in an integrated way, but
also to produce an integrated assessment of the evolving conditions – in the form of a vulnerability
assessment. This is by no means the only output produced – numerous summary and visual data is
generated and visualized. However, by explicitly producing this metric required that the
framework be able to generate and visualize a singular assessment of the threat posed to the
affected communities by the changing conditions – signifying the coupled approach indicated.
The implemented framework can produce new insights by simulating evolving conditions of WUI
incidents based on developments and interactions between the core components at the macro-level.
This framework simulates the evolving incident conditions based on the time‐based developments
of the core components (e.g., the fire and the residential response) and how they interact to produce
an outcome of interest. The design, implementation and testing of this framework is described in
this report.
We first outline the research questions addressed and the methodology adopted. To do this, we
present a brief overview of key real-world factors and the modelling assumptions employed within
the framework to reflect them - both in general terms and for each of the components represents.
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The implementation of these assumptions and the subsequent framework is described in detail,
with reference to the user interface, model configuration, model execution, output and
interpretation. The way the output can be interpreted and employed for assessment of community
vulnerability is then discussed. Finally, and critically, the system is applied to several case studies
to test its performance, demonstrate its capabilities and suggest refinement and development. This
includes use of the Swinley fire (UK) case and the community evacuation exercise performed at
Roxborough Park, Colorado (US).
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2. Project objectives and research/technical questions
The WUI-NITY project focused on developing an integrated software platform for the simulation
of wildland-urban interface (WUI) evacuation scenarios. The primary application of this platform
is the ability to generate dynamic vulnerability maps from coupled fire, pedestrian and traffic submodels (S. Gwynne et al., 2019) – both generating a clear indication of the communities’ capacity
to cope with an incident, but also requiring the development of numerous important functionalities.
The platform architecture is based on the previous effort e-sanctuary providing a specification for
such a tool (Ronchi et al., 2017).
To achieve the overall aim of the of the WUI-NITY project, both a set of technical questions as
well as research questions needed to be addressed. From the technical standpoint, the WUI-NITY
platform is designed to enable import of different elevation data, population/household inputs, and
road network data from existing and future databases. The implementation of weather and
vegetation data is achieved similar to the approach adopted in empirical fire models (e.g.,
FARSITE (Finney et al, 1998)). A Graphic User Interface (GUI) is built within the UNITY
platform 1 to allow the calibration of inputs, collection of simulation results and the generation of
dynamic vulnerability maps, making it possible to refine, in real-time, the scenarios to be simulated
in relation to the variables under consideration (evacuation times/threatened areas). Existing
UNITY functionality allows it to draw information from external sources, and easily provide
output to a dedicated GUI.
From a research perspective, the main focus of this proof-of-concept is the integration of three
fundamental layers of WUI fires (fire, pedestrian and traffic modelling), with the required data
exchange and the generation of results and vulnerability maps in faster than real time. To achieve
this, coupled simulations of fire, pedestrian and traffic modelling are performed. The WUI-NITY
platform can provide simulated output generated through the interaction of the three core subject
domains represent, that then provide dynamic vulnerability maps rather than traditional risk maps
adopted for WUI fire risk assessment. To develop such a platform, the WUI-NITY system
addressed the following set of research issues by implementing the simulation specification
provided in e-sanctuary (Ronchi et al., 2017):
• To embed a fire, pedestrian and traffic model within the UNITY environment.
• To enable data exchange between these models enabling the coupled simulation of fire,
pedestrian and traffic model, based on the preliminary work conducted in (Ronchi et al.,
2017)
• To apply the system to a set of representative case studies and generate coupled results.
• To generate a vulnerability mapping scale/function that enables the results to be
represented as an evolving vulnerability contour.
• To visualize all modelling layers and dynamic vulnerability mapping within a single
environment.
• To investigate the coupled evolution of fire and evacuation through trigger buffers.
• To assess the information required for evacuation decision making based on dynamic
vulnerability mapping starting from a coupled platform for WUI fire evacuation scenario.
• To ensure external data is accessible to the platform.
1

https://unity.com/
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3. Methodology
The WUI-NITY platform has been developed using a game engine, UNITY with built-in Virtual
Reality (VR) capability. UNITY allows for sub-models to be developed modularly and embedded
within the same environment. It allows input from a range of external sources (e.g. OpenStreetMap
(Haklay & Weber, 2008), data sources, etc.). The use of the UNITY game engine thus greatly
simplifies the integration of the specified key modelling components and the necessary data
exchange with external components. It forms a host for the core modelling sub-components. Given
the modularity suggested and increased computational power, sub-models can be supplanted by
others in the future (likely more refined) for a particular domain, e.g. one macroscopic pedestrian
sub-model can be replaced by another microscopic model according to user requirements. In this
first instance, a set of simplified sub-models are embedded to demonstrate the proof of concept,
i.e., that models from different subject domains exchange information through interacting in realtime to produce insights into evacuee performance that enables the identification of vulnerable
locations and populations.
The UNITY environment provides numerous development and interface options. It is a natively
3D environment. Therefore, although the initial development has focused on 2D output (e.g.
overlaid on 2D maps), it has the scope to incorporate more active, first person user-experience in
subsequent development stages.
The main output produced by the WUI-NITY platform are predictions generated by the coupled
models. These predictions have value in themselves, but also allow the system to establish and
map the dynamic vulnerability – representing the capacity (or lack of) for simulated populations
to cope with the conditions available given the resources available. The predicted emergent
conditions can be overlaid on a map and aggregated to the desired level of resolution to represent
the evolving vulnerability levels associated with certain locations.
The WUI-NITY platform was built within a project with the following work package (WP)
structure:
WP1. Project management and dissemination: This WP refers to the management of the
activities of WUI-NITY project and the dissemination of the results.
WP2. System Architecture and data-sets for the proof of concept: Updated original system
architecture design (Ronchi et al., 2017) and developed model selection component based on
performance criteria. This allows for future modular implementation of different modelling tools
with different levels of granularity. Identification of the required data-sets (e.g. weather,
geodata/elevation and vegetation, road network and population) for implementation in the proof
of concept.
WP3. Modelling integration. This WP consisted of the selection and implementation of the three
modelling components into a virtual reality game engine. This included 1) an existing empirical
fire model 2) a crowd model for the simulation of people response and people movement towards
private vehicles based on shortest distance and 3) a simplified traffic model for the simulation of
the displacement of private vehicles along the road network using a macroscopic method (Intini,
16

Ronchi, Gwynne, & Pel, 2019). Outputs obtained from each model were exchanged and a routine
for data transfer/exchange was built. This routine includes both the existing concept of trigger
points/buffers to represent evacuation response (Cova, Dennison, Kim, & Moritz, 2005) and it also
allows a direct coupling between the impact of the fire and the availability of the road
network/capacity. A tool which makes use of the trigger buffer concept (called PERIL) has been
developed to enhance the use of the evacuation times obtained by the WUI-NITY platform.
WP4. Output analysis and GUI development. A Graphic User Interface (GUI) was developed
in order to allow the importing of all relevant data-sets and input calibration phase. The GUI was
built in such a way to allow a 2D visualization of the scenarios and output vulnerability mapping
but also allows a future dedicated 3D mode for the visualization of the WUI-NITY platform
scenarios at a more refined (e.g. household) level.
WP5. Vulnerability mapping. The coupled modelling output was used to develop dynamic
(based on evolving fire conditions) and static (based on pre-defined set conditions or conditions at
a given point in time) vulnerability mapping. The vulnerability maps were developed as a layer
visualized in the GUI which considers a score system that is derived from all simulation layers.
WP6. Demo case studies. Two case studies are presented to exemplify the use of the WUI-NITY
platform and the concept of trigger buffers. The new concept of dynamic vulnerability mapping
with a WUI fire evacuation scenario is presented.
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4. WUI-NITY development, features and assumptions
The WUI-NITY modelling platform is intended as a tool allowing the coupling of different
modelling layers (fire, pedestrian and traffic) into a single modelling environment. This section
documents the main modelling assumptions adopted to allow this coupling. The long-term aim of
the WUI-NITY platform is to become model-agnostic, i.e. allowing the implementation of
different existing and new models adopting varying level of sophistications and formats. As this
report documents the first stage of the platform development, the proof-of-concept of the
functionalities are demonstrated through coupling/implementing a set of relatively simple models
of all layers. The selection of those models is to demonstrate the ability of the WUI-NITY platform
to allow for the coupling and the implications of such coupling in WUI fire evacuation scenarios.
In this context, the selected models are deliberately chosen as empirical/macroscopic models,
which demonstrate the applicability of the platform for real-time applications (i.e. emergency
management rather than only evacuation planning) as it needs limited computational resources to
run such models.
To explain the key functionalities of the WUI-NITY platform, a timeline of the modelled events
is presented (see Figure 3). The approach to represent the sequence of events is similar to what is
currently employed for the study of evacuation scenarios in buildings (Ronchi & Nilsson, 2016).

Figure 3. Timeline of events represented in the WUI-NITY platform. WASET refers to the
Available Safe Egress Time in the wildland urban interface area and WRSET refers to the
required safe egress time in the wildland urban interface area.
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The first event is fire ignition (see 1 in Figure 3) which is simulated within a fire model. Following
ignition, a given percentage of the population decide to evacuate either directly from their vehicles
if they were already on the road, given background traffic (which is implicitly represented using a
vehicle density modifier (see 2 in Figure 3)) or by leaving their households to reach their vehicles
(see 3 in Figure 3, which corresponds to the first people start responding to the fire event). In some
cases, people may also decide to evacuate on foot or by other means of transport (this is currently
not explicitly represented within WUI-NITY). At a given time, an official evacuation
order/warning is issued by the authorities (see 4 in Figure 3, which also corresponds to the time in
which shadow evacuation 2 is completed) and more people decide to evacuate (not necessary all of
them, as a given percentage might decide to stay). At a given time, all people who decided to
evacuate would have all left their households (see 5 in Figure 3), which corresponds to the
maximum response time, i.e. the time of the slowest respondent who decides to evacuate. Once all
evacuees have reached their vehicles, they would all be on the road (see 6 in Figure 3), which
corresponds to the maximum travel time to vehicles. During the traffic evacuation, different events
might occur linked to the interaction between the fire spread evolution and the evacuation. This
can include route losses, shelter losses due to the fire, car accidents, or also lane reversals ordered
by the authorities. The evacuation would then be completed (see 7 in Figure 3), and this time
corresponds to the wildland-urban interface required safe egress time (WRSET). This time would
have to be lower than the time for the fire reaching the community (see 8 in Figure 3), which
corresponds to the wildland-urban interface available safe egress time (WASET). It should be
noted that this sequence of events is purely an example, and the actual course of the event might
differ. Nevertheless, the WUI-NITY platform would allow the representation of the presented
component, regardless of the order in which different events may occur.
The following sub-sections introduce the assumptions adopted for the simulation of the different
layers (fire, pedestrian and traffic) and the interactions/coupling features that have been
implemented in the WUI-NITY platform.

2

A shadow evacuation is the self-initiated evacuation of people not in areas designated evacuation areas.

19

4.1.

Fire modelling assumptions

The first layer which is implemented in the WUI-NITY platform is the simulation of the wildfire
spread. This is here demonstrated through an implementation of the FARSITE model (Finney et
al, 1998). This model has been selected as it is currently in use be several federal agencies in the
USA and is in the public domain, thus making it possible to obtain full information concerning its
assumptions. The model has a simple input/output format and includes a detailed documentation
describing its assumptions.
The WUI-NITY platform allows importing the simulation results provided by FARSITE in ASCII
format. The modelling workflow concerning wildfire spread modelling works as follow:
1. The user implements the needed FARSITE inputs concerning topography and vegetation.
The most common are slope (expressed in %, a topographical measure), aspect (in degrees,
a topographical measure), crown bulk density (expressed in Kg m-3, the mass of available
canopy fuel per unit crown volume), elevation (expressed in m, a topographical measure),
fuel model (physical description of the fuel bed characteristics), canopy cover (expressed
in %, the fraction of ground area covered by the vertical projection of tree crown
perimeters), canopy height (expressed in m, height of the vegetation crown) ,
canopy
base height (expressed in m, the lowest height above the ground ), duff loading (the layer
of decomposing organic materials lying below the layer of freshly fallen twigs, needles,
and leaves and immediately above the mineral soil), coarse woody (woody material fallen
from dead trees and the remains of large branches on the ground) (Finney et al., 1998))
along with general data concerning location, site size, weather, wind, burn periods, etc. are
defined in FARSITE. In the implementation of FARSITE, neither roads nor the spotting
feature is used.
2. The user runs the simulations in FARSITE and generates the outputs.
3. The most important inputs/outputs for fire evacuation modelling are imported into WUINITY. This is made through a dedicated import tool as shown in Figure 4. The inputs listed
in step 1 along with the main outputs (i.e., time of arrival, fireline intensity, flame length,
rate of spread, heat per area, reaction intensity, crown fire activity, spread direction) are
now available in WUI-NITY.
4. The terrain is reconstructed in WUI-NITY from the data using a custom terrain engine.
This choice is made as the UNITY built-in terrain engine does not allow to set individual
UV coordinates per vertex (UV mapping is the 3D modelling process of projecting a 2D
image to a 3D model's surface for texture mapping) as well as having limitations in what
types of surface shaders can be used, therefore limiting visualization options. Using the
custom terrain engine, the user can configure the needed level of detail by selecting the
number of polygons representing the terrain.
5. WUI-NITY visualizes vector data using line renderers. Raster data are instead saved as
textures with normalized colour grading (min-max), which are used in a custom shader.
6. The user can display the evolution of the fire through the implemented vector (Figures 5
and 6) and raster (Figure 7) data. Both orthographic and perspective (zoomable) views are
allowed. In addition, a dedicated visualization feature is developed to allow selecting timestamps of interest for the vector data and time-lapse of raster data (i.e. through a timeline
slide which the user can use to visualize the fire spread evolution).
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7. A set of underlying information are saved in the cells (by default 30 m by 30 m, but this is
directly corresponding to the cells as set up in FARSITE) to keep track of variables of
interest for vulnerability mapping. This includes burnt areas versus time (useful for trigger
points/buffers).

Figure 4. Screenshot of dedicated tool for importing and visualizing FARSITE results.

Figure 5. Example of top view of FARSITE outputs visualized in WUI-NITY. Timestamps corresponding
to the vector data corresponding to different stages of the fire spread can be selected by the user.

21

Figure 6. Example of 3D view of FARSITE outputs visualized in WUI-NITY. Timestamps corresponding
to the vector data corresponding to different stages of the fire spread can be selected by the user.

Figure 7. Example of FARSITE outputs visualized in WUI-NITY. Time lapses corresponding to the raster
data representing different stages of the fire spread can be selected by the user.

The implementation of the FARSITE outputs has been tested with a set of verification scenarios
(along with a case study presented in Section 6.2) within a 1500 m x 1500 m plot with varying
conditions (50 x 50 cells, each 30 m x 30 m). Namely:
1 – Homogeneous conditions
2a – 4 different fuel types, split into quadrants. Constant topography, wind and weather
2b – Constant southern wind. Constant fuel, topography and weather.
2c – V shape with two different angles of incline. Constant fuel, wind and weather.
3 – Fuel quadrants, southern wind and V shaped topography.
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The testing process is displayed in Figure 8. Each test scenario consists of a series of GIS rasters,
including topographical, weather, fuel and tree canopy datasets. The first verification dataset,
“Control”, is completely homogeneous, and is hence the simplest possible test scenario. Varying
fuel, wind and valley each respectively vary the fuel, wind and topography respectively, adding an
additional layer or complexity. Fuel Quadrant Windy Valley varies fuel, wind and topography
simultaneously. The actual scenario (4) is presented in Section 6 and it represents instead a
validation test case.

Figure 8. Schematic representation of the FARSITE import testing process.

Figure 9. Visual outputs of FARSITE (above) and WUI-NITY (below) results for the verification test
cases. These test cases deliberately represent different types of spread in order to test their accurate
representation within the WUI-NITY platform.

The visual outputs of FARSITE and WUI-NITY were then compared (see Figure 9) to make sure
that the imported FARSITE outputs were reproduced within the WUI-NITY platform. Each line
represents the fire front at an incremented time interval.
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4.2.

Pedestrian modelling assumptions

This section outlines the assumptions adopted for the implementation of pedestrian response and
movement in WUI-NITY. The WUI-NITY platform links models of fire development and traffic
by being initiated by output from the fire conditions (mediated by the trigger buffer function) and
provides an input into the traffic model in the form of initiation of vehicle movement. Therefore,
residents respond (or not) to an approaching fire, and then move on foot (or not) towards the road
network.
A default population distribution is available within WUI-NITY. It is based on the Gridded
Population of the World (GPW) v4 3, in which population counts are provided with a resolution
of approximately 1 Km area (or density). Basic information about population demographics are
also available within this database. The data set provides population estimates by age and sex as
counts per pixel. Population density was estimated by dividing population count by land area in a
given pixel. For a first pass of the pedestrian model, sociodemographic factors (although certainly
important) were ignored for simplicity reasons. However, certain sociodemographic factors have
been identified to influence evacuation decision-making and behaviour (Lovreglio, Kuligowski,
Gwynne, & Strahan, 2019). The GPW v4 database has been chosen given the inclusion of
population data for the entire world and the documentation available along with the database. The
process of importing population data works as follows:
1. A given community/region/area is selected in WUI-NITY by the user.
2. The data from the GPW v4 database are fetched by WUI-NITY.
3. The population is imported into WUI-NITY using a grid of cells with a resolution of
approximately 1 km area.
4. A custom-made function within WUI-NITY proportionally redistributes the population
based on the proximity of the cells to the road network and accesses to the roads. This is
made to mimic a more realistic space usage by the population by exploiting the information
available from the road network and dead ends (i.e. assuming that each household has
access to the road), and to avoid people not being able to evacuate due to no road
availability, as shown in Figure 10. Households are then randomly generated in space
following the population distribution (in which a population between 1-5 people is assigned
by default for each household).
As with other aspects of this work, the pedestrian representation operates at the macroscopic level.
However, it has been designed to facilitate movement at the micro-level in future developments of
the WUI-NITY platform; indeed, the current response model could be directly implemented into
a simulation (e.g. agent-based) representation of evacuee performance. Two parts are represented,
namely pedestrian response and pedestrian movement. The response model is applied at the level
of the household but could also operate at the level of an individual ‘agent’ (should the individual
be represented). The movement of residential groups is dictated by a simple movement rate based
on distance. Again, this could also be applied at the ‘agent’ level rather than the household / group
level and be sensitive to individual capabilities. In both of these cases, there is a reasonable
rationale from simplifying the approach in this way, e.g. households would likely respond together
(i.e. waiting for the last person to initiate movement) and move together (i.e. travelling at the speed
of the slowest person). What is not explicitly represented here is the range of individual movements
that might be involved in the preparatory actions, searching for significant others or local
3

https://sedac.ciesin.columbia.edu/data/collection/gpw-v4
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navigation / redirection. Such aspects are left for the micro-level simulation to follow in future
model implementations.
Raw population data
imported from GPW
1

Interpolated
Population
2

Cells with access to
road network
3

Relocated
Population
4

Figure 10. Population distribution as available in GPW database (1), the population interpolated based
on the chosen evacuation cell size (2), cells with access to road network (3) and re-distributed population
based on the configuration of the road network (4). The darker the red the higher is the population
density in (1), (2) and (4). In (3), blue indicates no people, red indicates no access to the road network
and no colour overlay indicates people having access to the road network.

4.2.1. Previous research on pedestrian response
This work is based on a literature review of previous work (Folk, Kuligowski, Gwynne, & Gales,
2019; McLennan, Ryan, Bearman, & Toh, 2019; Ronchi et al., 2017) to identify representative
response performance. This included examining relevant data and also decisions made by other
researchers attempting to estimate occupant response to wildfires. The final approach adopted is a
composite of such work – from both wildfire evacuations and beyond. Since empirical data on
evacuation rates over time during WUI fires are scarce, evidence from other large-scale
evacuations is also considered. A survey study on evacuation found that 89% of respondents
evacuated when an evacuation was mandatory as compared to 57% if the evacuation was voluntary
(Mozumder, Raheem, Talberth, & Berrens, 2008). Even when the evacuation order was
mandatory, at least 11% of occupants may decide to not evacuate.
Ng, Diaz and Behr reported evacuation rates from a hurricane (Ng, Diaz, & Behr, 2015) and found
that evacuation delays in the population roughly followed a sigmoid growth curve. As with
numerous WUI examples, the evacuation commences prior to the arrival of the incident itself;
reflective of relatively short event window and the potential destructive effect of the conditions
requiring avoidance. Fahy and Proulx reviewed evacuation times from buildings (not in WUI fires,
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but in building fire events) and found response times (starting from initial fire cue to initiating
evacuation) to vary between 2.5 to almost 10 minutes (Proulx & Fahy, 1997). Based on research
in other large-scale evacuations (Ng et al., 2015), it is likely, however, that evacuation response
times in WUI fires would require a higher preparation time.
In the building fire evacuation literature, log-normal distributions are generally recommended to
represent human response given their ability to implicitly represent social influence and late
responders (Lovreglio, Ronchi, & Nilsson, 2016; Nilsson & Johansson, 2009; Purser & Bensilum,
2001). Tweedie et al. employed experts to estimate the time it might take to mobilize the general
public for a given area (Tweedie, Rowland, Walsh, Rhoten, & Hagle, 1986). The estimates
provided a log-normal distribution as well (see Figure 11).

Figure 11. Mobilization time as estimated in (Tweedie et al., 1986). Data recreated from source;
Smoothed curve fitted to data.

Pel et al. discussed a series of different evacuation response time curves. In particular, they
compared evacuation response times following a Weibull distribution to a sigmoid curve (Pel,
Bliemer, & Hoogendoorn, 2012). It should be noted that Pel et al developed their model for generic
evacuation applications, and most of the empirical data that they incorporated was based on
hurricane or flood evacuations.
McCaffrey and Winter reported response behaviours to wildfire threats and found that 8% of
respondents reported that they had initiated evacuation prior to the provision of an official
warning; 14 % of the respondents reported that they evacuated immediately after they received the
warning; 16% that they had planned to evacuate, but waited until personally told to leave by an
authority; 17% said that they evacuated when the danger felt too great after waiting; and 3%
reported that they decided to stay and protect their property; 30% did not leave because they had
perceived the risk posed by incident to not warrant evacuation (McCaffrey & Winter, 2011), see
Figure 12).
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Figure 12. Self-reported actions taken by residents threatened by wildfire (recreated from McCaffrey,
Rhodes, & Stidham, 2015).

In addition to evacuation, sheltering (either shelter-in-place or sheltering as part of the home
defence strategy) is a common strategy for residents to respond to wildfires. It is particularly
relevant in areas in which evacuation is not possible (McCaffrey et al., 2015). However, given that
there can be massive differences in evacuation and sheltering practices between and even within
jurisdictions, it is important to consider the local conditions whenever possible. A recent study
investigated the sheltering practices during the Black Saturday bushfires in Australia (Blanchi,
Whittaker, Haynes, Leonard, & Opie, 2018). The authors found that of those who decided to shelter
in place, ca. 67% used residential buildings as their first followed by commercial buildings (15%),
open air spaces (7%), vehicles (4%), on open water bodies such as dams, lakes, or pools (2%), as
well as schools, bunkers, fire service sheds or other structures (all <1%; see Blanchi, Whittaker,
Haynes, Leonard, & Opie, 2018). Similar patterns were observed for the second and third shelter,
however, most respondents stayed in their first shelter (84%). It is interesting to note, that only a
fraction (8%) used vehicles for evacuation, either instead of sheltering at all, or after having to
leave their first or second shelter. In this study, 83% of respondents survived using one of the
mentioned sheltering techniques. The authors further observed that sheltering was associated with
a number of protective actions (e.g., extinguishing fires, caring for vulnerable family members).
The same study revealed that the highest number of fatalities was observed in areas that were
exposed to the most severe fires, and that chance of survival was inversely related to the distance
between forest and shelter location (Blanchi, Whittaker, Haynes, Leonard, & Opie, 2018). The
behaviours observed might reflect the aforementioned difference in evacuation procedures in
Australia compared to, for example, North America. Another study discusses self-reported
evacuation preferences in the US (T. Paveglio, Prato, Dalenberg, & Venn, 2014) and found that a
majority of the respondents who were presented with a hypothetical scenario, stated that they
would evacuate when instructed by authorities but also general preferences to stay and defend in
place. Regardless of the preferences (evacuate, defend in place) it appears that respondents were
fairly confident in their knowledge of appropriate protective actions.
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Hypothetical scenarios were also used to estimate the population to estimate evacuation delays.
For instance, Wolshon and Marchive simulated WUI evacuation from residential areas and
included assumptions on evacuation delays based on Hurricane evacuation data (Wolshon &
Marchive, 2007). Their simplified model differentiates between urgent (30 minutes), medium (1
hour) and slow (2 hours) response rates. Evacuation caused by different types of disasters are
unlikely to occur with the same frequency. Therefore, populations subject to these events might
have different levels of experience with them, perceive them differently and then respond to them
in different ways (including the time to respond, the selected action and other outcomes, including
the so-called cry wolf effect (Rigos, Mohlin, & Ronchi, 2019).
Li, Cova and Dennison developed a trigger-model at household level (D. Li, Cova, & Dennison,
2015). They suggested that prominent geographic features (e.g., ridge lines, rivers, and roads)
should be used as triggers, such that when a fire crossed one of these features, a protective action
recommendation (e.g., evacuation) would be issued to the threatened residents or firefighters in
the fire's path. The authors then proposed a method based on geographic features (as opposed to
points, lines, or polygons). They call this reverse geo-coding, which is a process that associates
geographic features with coordinates. Recently the authors combined fire and traffic simulation in
a joint model (D. Li et al., 2018). In this model, they assumed that departure times (i.e., the output
of our pedestrian model) are normally distributed with a mean of 40 minutes (standard deviation
20 minutes; cut-off 80 minutes). This literature serves as basis for the development of the trigger
buffer tool which is proposed in this work.
A recent modelling approach tied WUI fire evacuation to decision making and cognitive processes
such as risk perception (R Lovreglio et al., 2019). The authors assigned four states (normal,
investigating, vigilant, protective) to describe the (protective) behaviour of people in a household.
Perceived risk changes as a function of the information available to an occupant (e.g., perception
of fire cues and warnings increase perceived risk) and is based on assumptions about certain
occupant characteristics (e.g., demographics, previous experience with fires). Based on an
extensive literature review, the authors identify a list of factors that increase or decrease the
likelihood for an occupant to engage in protective actions (R Lovreglio et al., 2019). The reader is
also pointed to additional literature (Folk et al., 2019; T. Paveglio et al., 2014) for discussion of
further factors.
In WUI-NITY, the pedestrian response can be triggered via three mechanisms:
1. Official warnings issued by authorities: This mechanism assumes that residents receive
warnings from authorities with instructions to evacuate, e.g., via cell phone messages.
2. Based on the distance of the fire from the populated area: This mechanism is triggered, as
soon as the fire is within a user-defined distance from the residents. This can be based on
several factors, e.g. reaching a landmark at a given distance from the community.
3. Based on the arrival time of the fire in the populated area: This mechanism is triggered if
the estimated time of arrival of the fire in the cell is lower than a user-defined value.

4.2.2. The implemented pedestrian model
The pedestrian model has been developed ad hoc for the purposes of the WUI-NITY platform and
it has two components:
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1. A pedestrian response model in which the probability of occupants deciding to evacuate is
described as a function of time. At the core of it lies an estimation of the cumulative rate
of evacuation as a function of time. A distribution of the time that elapses between initial
fire cues (e.g., the trigger event leading to an evacuation announcement, the time of arrival
of the fire from FARSITE) and the initiation of pedestrian evacuation movements is
implemented for each cell (see Figure 13). A default distribution is provided, and the user
can modify this input based on the scenario conditions (made by modifying the data-points
that constitute the response curve). This response model allows the implicit representation
of the key factors that affects the decision to evacuate (i.e. information available,
notification systems in use, etc.).
2. A pedestrian movement model describing pedestrian movement towards their car
represented through access to traffic nodes (i.e., movement over space and time).
The pedestrian model provides input into a traffic model, i.e. the times predicted by the response
and the movement models are summed to determine the time for pedestrian to reach a vehicle and
enter the traffic system. The main output of the pedestrian model is therefore the number of people
entering the traffic model over time in a given grid cell / traffic node. At the moment evacuation
on foot is not considered.
In a more refined version, the same model could in principle be applied to individual households.
This more refined approach would require more granular data according to building footprints,
their occupancy, etc. However, the simple function employed used to estimate the response might
be employed as here, if deemed suitable.

Figure 13. Conceptual illustration of the pedestrian model: response time distributions are estimated for
each cell; the distance from a randomly placed location within the cell to the closest node from each cell
centre is used as a proxy to estimate walking distance to a “car”. Note: maps and raster not in scale.

A set of assumptions have been made during this initial simplified macroscopic approach. The
pedestrian model is applied to an area in a raster; the cell size of the raster is driven by granularity
set by the user (by default this is 100 m by 100 m). As mentioned earlier, the evacuation can be in
principle triggered via different mechanisms based on (i) distance of the fire to the cell, (ii) arrival
time of the fire in the cell, (iii) warnings issued by authorities (and then implemented by the user),
based on trigger points/buffers, which can be based on arrival time of the fire at a given landmark
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(see Section 5 for more details in triggers/buffers). In this first model implementation, the response
time is implemented considering official warnings and an associated user-defined log-normal
distribution. The evacuation response also includes a certain number of occupants which initiate
evacuation before the warning, a certain number of occupants who decide to not evacuate (e.g.
decide to stay and defend), even after the warning. The movement model assumes that the time to
reach the entry point into the traffic node is estimated considering a simplified distance estimation
(by default the average distance from the centre of each cell) to the nearest traffic node. Density is
not assumed here to affect movement speed and the user can assign a given set of movement
speeds.
The pedestrian response model provides the following outputs:
- Number of pedestrians entering the pedestrian movement model over time.
- Number of pedestrians entering the road network over time prior the evacuation order (this
increase in background traffic is caused by occupants beginning evacuation prior to
evacuation triggers).
- Number of pedestrians entering the road network over time after the evacuation order.
- Number of pedestrians deciding to stay (i.e. they do not evacuate).
Based on the data reported in (McCaffrey et al., 2015; McCaffrey, Wilson, & Konar, 2018;
McLennan et al., 2019), the default response distribution (see Figure 14) assumes that 59% of
households in a given cell requires evacuation once the fire reaches the cell. Of these households,
the default response assumes that
- 14% ± X% of the population evacuate before the trigger
- 81% ± X% of the population evacuate sometime after the trigger
- 5% ± X% of the population does not evacuate

Figure 14. Proposed default pedestrian response model; black points illustrate discretized points
along the function; grey points illustrate simulated uncertainty/spread in the data.
Note that an error (here undetermined and then marked as X%, by default this is set equal to 2.5%)
should be assumed in these estimates to account for behavioural uncertainty (Ronchi, Reneke, &
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Peacock, 2014). Based on the data reported in (Tweedie et al., 1986), a time window equal to 140
minutes is assumed, starting 20 minutes prior to warning. Further, the response time follows by
default a lognormal distribution, with the following hypothetical parameters: mean log = 3.0,
standard deviation = 0.5. Note that these values need to be validated in further research and need
to be considered speculative in nature. The type of distributions would depend on several factors,
among which the nature of the evacuation order (mandatory or recommended) can play a key role.
A default curve is provided to describe evacuee response. In addition, the user is able to modify
the underlying distribution and response model, should they have access to more relevant
information. In all cases, the user should justify the curve employed – even if the default curve is
used. In the implementation, the user is presented with the default distribution and is able to
configure a discretized version of the curve. To do so, users can provide the percentage of the
evacuating population expected to have responded by a given point in time (e.g., every 10 minutes;
see Figure 15 and the Table 2 below).
Table 2. Example of discretized percentage of population evacuating at a given point in time
implemented by the user.
Time
-20
-10
0
10
20
30
40
50
% evacuated 0.00 0.00 0.00 0.08 0.47 0.75 0.87 0.92
Time
60
70
80
90
100
110
120
% evacuated 0.94 0.94 0.95 0.95 0.95 0.95 0.95

Figure 15. Refined response model, allowing to differentiate between hypothetical early and late
responders by allowing certain proportions of occupants to respond different triggers. Green: early
responders; red: default model; blue: late responders; Black points illustrate discretized points along the
function; semi-transparent coloured points illustrate simulated uncertainty/spread in the data.

In the default model, pedestrian responses are triggered by the use of the adopted response
distribution. In a future version of the model, different triggering methods might be adopted, e.g.,
some residents could either respond to, for example, only warnings, whereas others may only
respond to arrival time of fire, and a third group may require at least two triggers. In reality, further
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data is needed to allow precise and valid predictions of what triggers pedestrian evacuation in WUI
fires. Figure 15 illustrates the potential differentiation between different response triggers. The
existence and representation of trigger buffers, and how they are represented within this
framework, is discussed in Section 5. It should be noted that the model is also built to allow for
probabilistic applications, as it is allowing the users to providing distributions for the inputs, rather
than a single set of deterministic values.
The movement model describes how occupants enter the traffic model, after a decision to evacuate
has been made. Essentially, it describes the movement from dwellings to the nearest traffic node.
In future developments of the model, this may also represent the time to reach a point of safety,
should no vehicle be employed to reach that point. In this first version of the model, given the
course granularity adopted and the high level of uncertainty in the movement paths taken,
pedestrians are assumed by default to simply walk along a straight line free from obstacles. To
account for this issue, a multiplier of distance (multiplier >1) has been implemented to give the
user the opportunity to increase the travelled distance. The movement of the population is
represented by default with an assigned movement speed drawn from a uniform distribution
ranging between 0.7 – 1.0 m/s. This default range has been selected to represent a reasonably
conservative range of walking speeds (being typical average speeds adopted in fire engineering in
the order of 1.2 m/s (Gwynne & Boyce, 2016)). Nevertheless, the user has the opportunity to
provide custom values of speeds by using a speed multiplier (<1) in order to represent those groups
who adopt slower speeds (e.g., moving with walking aids or those moving with some form of
impairment). The logic here is that a group evacuating would choose to walk at the speed of the
slowest member of the group, thus the users are encouraged to use conservative values for this
input. Those with severe impairments are assumed either to be assisted or not to evacuate.
Given the nature of the pedestrian movement (primarily to a vehicle) and the granularity of the
calculations made, it is not expected that this movement would be dictated by density – but instead
limited by the identity and speed of the surrounding population, as described above.

4.3.

Traffic modelling assumptions

The first step for the representation of traffic movement is the implementation of the road network.
This information is obtained through OpenStreetMap 4 (OSM). This is a freely available worldwide
database which includes a set of geo-data concerning road networks characteristics. OSM makes
use of a topological data structure, including four core elements, namely 1) nodes (points with a
given geographic position, stored in a coordinate system), 2) Ways (polylines/polygons giving the
ordered lists of nodes, 3) Relations (used to represent relationships between ways and nodes, e.g.
road restrictions, etc.), 4) Tags (arbitrary strings including metadata about the map objects).
Satellite images are also obtained in order to enhance the visualization of the space. All information
is imported into WUI-NITY and are useful to represent the road network where the traffic
evacuation takes place. The road network data imported into WUI-NITY can be customized by the
user by directly modifying the source OSM data-set.
In this first development of WUI-NITY, the representation of the traffic movement is made with
a simple ad hoc traffic movement model, based on a set of commonly used assumptions in traffic
4

https://www.openstreetmap.org
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evacuation modelling identified through a dedicated literature review on the approaches that can
be adopted for representing WUI fire evacuations (Intini et al., 2019). The main assumptions of
the traffic model are presented in this section. It should be noted that the end goal of the model is
to allow coupling with different level of resolutions of modelling approaches. In this first model
implementation, a set of simplified assumptions have been made.
The traffic model first reads the information from the pedestrian model concerning the arrival of
occupied cars over time into the traffic nodes. It should be noted that a set percentage of car density
can be assumed by the user to represent the people on the road before the fire threat (background
traffic), and this is implemented with a linear uniform distribution. The amount of background
traffic on the road can also be specified during the whole evacuation timeline.
Only private vehicles (i.e., cars) are implemented in this first version of WUI-NITY. The simulated
cars can be occupied by 1-5 passengers (randomly generated), and this is defined in relation to the
size of the household approaching each traffic node. Each household is assumed to evacuate
through one car by default, but the user can configure a probability distribution of cars leaving
households, given that there is more than one person in a household.
The maximum capacity of the road is automatically generated by the WUI-NITY platform based
on the number of lanes available and the road tag concerning the type of road. WUI-NITY also
automatically reads the road tags available in OSM which provide information on the maximum
allowed speed on each road. By default, this information is used to calculate maximum allowed
speed, otherwise this is assumed based on the road type tag/description available in OSM. The
maximum capacity and speed of each road links are also customizable by the user, and the
underlying tags regarding the road type can be used as starting point for the customization of the
road network variables.
The traffic flow is simulated through a speed-flow-density relationship (often called fundamental
diagram). Speed v is here intended as the travel distance covered at each time-step in traffic flow.
Density d is here intended as the number of vehicles in a given unit road. Flow q is here intended
as the number of cars per unit of time. The model adopted is the Lighthill-Whitham-Richards
model (LHR model) (Ding, 2011; J. Li, Chen, Wang, & Ni, 2012; Lighthill & Whitham, 1955;
Richards, 1956), which is chosen here given its simplicity of implementation and the
computational time it requires (it can run faster than real time being a first-order macroscopic
traffic flow model). This simple hydrodynamic model is applied here to calculate the actual
impeded speed of each individual car (thus in this sense it is applied in a microscopic fashion).
The peak densities are given by the underlying fundamental diagrams of the model. For
implementation reasons, speed never reaches completely zero, but it is assumed to correspond to
a small value selected by the user (standard 5 km/h, the sensitivity of this choice should however
be examined by the user) in case of complete traffic stop. Overtaking is not explicitly modelled in
this model. Intersections are here assumed not signalized. It should be noted that intersections at
nodes can have an impact on the traffic flow regardless of the intersection type (signalized or not
signalized). Given the simplicity of the traffic modelling assumptions adopted and to provide a
consistent level of crudeness in model granularity, the impact of delays at intersections has been
neglected. This aspect is likely to have a limited impact on results in the most conservative cases
in which higher traffic volumes are present. In the LWR model, it is possible to set up given initial
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conditions (e.g. background traffic) and boundary conditions (e.g. artificial density on the last
stretch of the road to avoid non-realistic flows at the edge of the scenarios).
Flow and densities are related through a conservation law of vehicles, presented in Equation 1.
𝑛𝑛(𝑥𝑥)𝜕𝜕𝜕𝜕(𝑥𝑥,𝑡𝑡)
𝜕𝜕𝜕𝜕

+

𝜕𝜕𝜕𝜕(𝑥𝑥,𝑡𝑡)
𝜕𝜕𝜕𝜕

=0

[Equation 1]

where:
𝑛𝑛(𝑥𝑥) is the number of lanes at position x
𝑑𝑑(𝑥𝑥, 𝑡𝑡) is the traffic density in vehicles per lane per Km at position x and at time t
𝑞𝑞(𝑥𝑥, 𝑡𝑡) is the traffic flow in vehicles per hour at position x and at time t

The variables 𝑑𝑑(𝑥𝑥, 𝑡𝑡) and 𝑞𝑞(𝑥𝑥, 𝑡𝑡) are continuous functions of space and time. The LWR model is
then discretized using a given time-step Δt (in the current implementation this is set by default
equal to 1 s), as shown in Equation 2.
𝑑𝑑𝑗𝑗 (𝑘𝑘 + 1) = 𝑑𝑑𝑗𝑗 (𝑘𝑘) + 𝑙𝑙

𝛥𝛥𝛥𝛥

𝑗𝑗 𝑛𝑛𝑗𝑗

[𝑞𝑞𝑖𝑖𝑖𝑖,𝑗𝑗 (𝑘𝑘) − 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜,𝑗𝑗 (𝑘𝑘)]

[Equation 2]

where:
𝑑𝑑𝑗𝑗 (𝑘𝑘) is the average traffic density in the section j and in the time period k
𝑙𝑙𝑗𝑗 is the length of the section j
𝑛𝑛𝑗𝑗 is the number of lanes
𝑞𝑞𝑖𝑖𝑖𝑖,𝑗𝑗 (𝑘𝑘) is the inflow in the section j and in the time period k
𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜,𝑗𝑗 (𝑘𝑘) is the outflow in the section j and in the time period k

The LWR model assumes a flow function with zeros at density equal to zero (𝑑𝑑 = 0) or jam density
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
(𝑑𝑑 = 𝑑𝑑𝑗𝑗𝑗𝑗𝑗𝑗 = 100 𝑘𝑘𝑘𝑘∗𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙). This is here implemented through a triangular function of speeddensity relationship in which the model calculates the impeded speed based on a linear normalized
function of speed vs density (with max speed equal to the speed limit on the road and jam density
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
equal to 100 𝑘𝑘𝑘𝑘∗𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙). The impeded speed can then be derived from the fundamental diagram (see
Figure 16). The movement between nodes is then computed given the chosen speed based on
density at each time-step. As results may depend on the time-step adopted, the user is
recommended to perform a sensitivity analysis of results based on the assumed time-step. This
function is deliberately simple in order to allow future implementations of different user-defined
fundamental diagrams.
The destinations of the cars within the traffic model are user defined (through point and click in
the GUI or through a list, which resembles and Origin-Destination matrix). Destinations can either
be shelters or be outside the domain. Destination preferences can be set by the user, by default if
there are several available destinations, the vehicles select the closest destination as initial target.
The user can also paint areas on the GUI for choosing destinations which override the default
nearest option. 5 This can be a useful option to run different what-if scenarios in which evacuees
5

This option is not available yet for use in a tablet.
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may or may not follow the routes available in the evacuation plans. Route choice is computed
adopting a modified version of the Djikstra algorithm, as described in the open source route
planning tool Itinero 6. Densities are checked at each time-step and then actual speeds are recomputed. The main traffic-related outputs are therefore: 1) the traffic flow at final destinations
and 2) number of cars in different parts of the road network, 3) number of cars that have not reached
yet a final destination, 4) evacuation time curves at each destination, and 5) number of those
residents remaining, evacuees and safe at refuge at each time-step. For each road, it is also possible
to visualize the density values at each time-step, i.e., a colour-coded density display (by default
updated with intervals of 10 min) is generated by WUI-NITY.

Figure 16. Fundamental diagram of traffic flow speed-density relationship implemented in WUI-NITY.

It should be noted that the interaction between the simulated traffic flow and the fire evolution is
represented through implementing a function which describes the availability of a given
destination at each time-step (due to the fire evolution). This means that from the list of available
destinations, at each specific time a given destination may be not available. The re-routing is
automatically implemented, and cars can be assigned by the user a list of primary destinations and
secondary destinations depending on their availability (i.e. a list of priority of available
destinations). This allows the model to represent evacuees re-routing and changing their choice of
destination based on the evolution of the fire conditions. Future work could include the case of
availability check for each individual road network element. The choice of implementing
destination availability rather than road availability was made as authorities may not decide when
a small portion of the road network is available due to the fire. It was deemed more reasonable to
assume that a whole destination (and associated routes leading to it) can be either available or not.
The integration with the fire spread is also implemented through a lane reversal option. The user
can define an event corresponding to an order of lane reversal (this can be due to a procedural
action by authorities or a car crash). This input can be implemented also depending on the type of
the road (e.g. only large roads can be ordered lane reversal). The capacity of a given road will then
automatically change in accordance with the lane reversal and traffic flows are re-calculated
accordingly.
6

https://www.itinero.tech/
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5. Vulnerability mapping and trigger buffers
Based on the output results produced by WUI-NITY (these are produced in a .csv format),
vulnerability can be assessed in several ways. The first methodological contribution adopted here
is the concept of trigger buffers. This consists of a perimeter around a populated area in a WUI
site, which is here called PERIL (Population Evacuation Trigger Algorithm) (Mitchell, 2019). This
perimeter is a boundary which represents the case in which the WASET and the WRSET are equal
(considering a safety factor set by the user). The perimeter is not entirely determined by distance
but takes into account factors that influence the fire spread evolution such as the topological
configuration of the terrain, type of land, weather and wind. PERIL calculates the trigger buffer
by creating a travel time network of nodes based on a fire spread model and a shortest path
algorithm. This concept can be applied using the WUI-NITY platform as it requires evacuation
time estimations to be run and it is a viable option to couple fire and evacuation model results.
The concept of evacuation triggers is not new (Dennison, Cova, & Mortiz, 2007; Larsen, Dennison,
Cova, & Jones, 2011; D. Li et al., 2015, 2018, 2018). In common practical usage, evacuation
triggers can be associated with physical or geographical landmarks (e.g. roads, rivers, lakes, etc.)
which, when reached by the fire, inform the correct time for an evacuation order (also see section
4.2). The great limit of this approach is it does not explicitly consider the variables which affect
the wildfire spread rate (e.g. vegetation, topography, wind, etc.). For this reason, the concept of
trigger buffer time can be used to describe the time between a triggered evacuation and wildfire
approaching a populated area (see Figure 17). The trigger buffer is expressed as a perimeter around
the populated area which reflect the safety margin between the WRSET and WASET.

Figure 17. Example of timescales and spatial representation of fire spread and WUI evacuation. (i) is the
detection time, (ii) is the WRSET (iii) is the trigger buffer time and (iv) is the WASET. The trigger buffer
perimeter is represented with the black dotted line.

The trigger buffer can be calculated using the WUI-NITY platform and the PERIL tool together.
The WUI-NITY platform calculates the WRSET (i.e. time for people to reach a place of safety)
while taking into consideration the impact of the evolution of the fire spread (e.g. road availability
and capacity). The PERIL tool calculates the trigger buffer based on the WRSET provided by
WUI-NITY.
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The PERIL tool is based on the calculation of the rate of spread data into a coarse fire travel time
network model, which is generated using the elliptical behaviour of fire front progression
(Huygens’ principle) to determine fire travel times between adjacent GIS cells. A shortest distance
algorithm (Dijkstra recommended) is then used to calculate the shortest fire travel time between
each node and the populated area. The nodes corresponding to the minimum travel times form the
trigger buffer perimeter (see Figure 17).
The concept of trigger buffers, along with the outputs provided by the WUI-NITY platform can
be used to provide an assessment of the vulnerability of a WUI community. One key output
produced by WUI-NITY is the number of people remaining in the threatened areas 𝑝𝑝𝑖𝑖𝑖𝑖 over time
t. This is a dynamic variable (S. Gwynne et al., 2019) which is an indicator of the vulnerability of
an area over time. This is shown in the form a colour-coded display on the road network and at
each discrete cell. This means that people are removed over time from the simulation systems
based on when they reach a shelter or are out of the area subjected to evacuation. This variable is
deemed to be a simple indicator of vulnerability which takes into account of the capacity of a
community to evacuate in a timely manner, i.e. their capacity to cope with the incident.
On top of the information on the dynamic number of evacuees still on the road/households, a
quantitative manner to represent mathematically static vulnerability is by calculating the integral
of the curve representing the number of people still in the threatened area versus time. The curve
does not necessarily need to reach 0 number of people threatened as some households might decide
to stay and defend. The size of the integral is an indication of the vulnerability, as the larger is the
number of people in danger, the greater the integral would be [see Equation 3 and Figure 18].
∫𝑡𝑡

𝑝𝑝𝑖𝑖𝑖𝑖 (𝑡𝑡)

[Equation 3]

Figure 18. Static vulnerability is calculated considering the integral of the people in the threatened area
over time. Dynamic vulnerability reflects the set of these integrals over time.

This integral allows reflecting on the capacity of the ‘system’ to enable evacuation to occur. This
integral can also be calculated over time by for instance checking the remaining people in the
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system at given time intervals (e.g. every 10 min) before the WRSET is reached, thus giving the
possibility to perform a dynamic vulnerability assessment. This information can also be
normalized with the total number of people in the area. Results can be presented in terms of a ratio
between the current number of people in the threatened area and the total number of people in the
area. An alternative approach would be to represent a vulnerability ‘dose’– reflecting a function
of the number of people that were vulnerable during the event and for how long they were
vulnerable. This dose can be achieved by normalizing this function by time and overcome the issue
of considering equal the cases of e.g., 100 people vulnerable for 1 minute and 1 person vulnerable
for 100 min. These concepts, along with the estimation of the trigger buffer (which provides both
spatial and temporal information) are deemed to all provide useful information for vulnerability
mapping.
Dynamic vulnerability assessment can also be performed through the additional outputs provided
by WUI-NITY. The traffic flows at final destination can give an indication on the congestion levels
as well as the rate at which the area is getting evacuated. The number of private vehicles along the
road and the number of private vehicles that are still within the system provide a dynamic spatial
indication of the evacuation process. Another way of looking at the capacity of the system is to
evaluate the number of people reaching the shelters/destinations and the time it takes to get to them
(i.e. the evacuation time curves or arrival curves). The evacuation curves (i.e. number of people vs
time) allow a deeper understanding not only on the WRSET but also on the whole evacuation
process. Those curves are often used in building fire safety to assess the effectiveness of an
evacuation process (Cuesta, Ronchi, & Gwynne, 2015). The comparison of the WRSET and
WASET (which is associated with safety margin) also gives an idea of the capacity of the system
to deal with an evacuation scenario in the given fire incident conditions.
The workflow for the combined use of WUI-NITY and PERIL is shown in Figure 19, with the aim
of functionally coupling the wildfire spread and evacuation simulations. The first step is to define
the wildfire scenarios within the wildfire model using GIS data for topography, fuel and canopy
datasets, as well as weather and wind. This can then be changed to suit varying weather conditions,
for example, with a NSEW (North/South/East/West) wind and identify if the population is at risk
of the wildfire entering the populated region; e.g. assuming the wind approaches from each of the
four main compass directions. If the wildfire reaches the populated region then the trigger buffer
perimeters for the specified populated region. The second step is the identification of the wildfire
scenarios which enter the at risk populated regions and impact the area in the shortest timescale.
The evacuation is simulated first (WUI-NITY) assuming an infinite WASET. This is done with
the aim of estimating a WRSET where the evacuation is unaffected by the wildfire. Using this
WRSET and the wildfire model, PERIL can be implemented for at-risk populated regions to
generate preliminary trigger buffer perimeters.
Then another run of WUI-NITY permits the assessment of the impact and progression of the
wildfire on the evacuation and the calculation of WRSET. By inputting the preliminary trigger
buffers of step four into WUI-NITY, the evacuation can be triggered at the intersection time of the
wildfire front and the trigger buffer. If the wildfire affects the evacuation by either reaching the
population before the evacuation is complete or blocking off evacuation routes, then PERIL shall
be rerun to recalculate the trigger buffer perimeter with a modified WRSET. This is an iterative
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process which lasts until the designed trigger buffer perimeter makes it possible for the fire not to
affect the evacuation, i.e. the trigger buffer perimeter is sufficient to enable evacuation to take
place.

Figure 19. Workflow for the combined use of WUI-NITY and PERIL for vulnerability
assessment.
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6. Case studies
Two case studies are presented here to demonstrate the application of the WUI-NITY and PERIL
(Mitchell, 2019) tool and their use to generate trigger buffers. The selection of the cases was made
to include one case study investigated in earlier studies with existing tools and one brand new case
study. The two cases were selected so that they are located in two different regions (e.g. North
America and Europe).
The European case was chosen to be a well-documented WUI case study, for which it is possible
to obtain benchmark fire and evacuation simulations performed with other existing tools and
calculate trigger buffers with the PERIL tool. For this reason, the Swinley forest fire was selected,
due to the availability of previous simulation work performed in both the fire (Smith, 2017) and
evacuation (Veeraswamy et al., 2018) domain. The scope of this case was to demonstrate the
applicability of the trigger buffer concept, starting from a set of credible fire and evacuation
scenarios.
The North American case (the community in Roxborough Park, Colorado, USA) was deliberately
chosen to be a FIREWISE community (NFPA, 2016). This is a program which “teaches people
how to adapt to living with wildfire and encourages neighbours to work together and take action
now to prevent losses” (NFPA, 2016). At the time this report was written, over 1500 sites were
taking part of the FIREWISE program. This community also conducted a full-scale evacuation
drill in July 2019 with the aim of enhancing evacuation preparedness (see Appendix 2). For this
reason, it is deemed to be an extremely suitable case study to perform validation studies. The
modelling work performed with the WUI-NITY platform during this project represents a priori
and a posteriori simulations which allows not only to showcase the capabilities of the platform,
but also to allow to assess the user effect, i.e. the impact of the choices made by the modeller on
simulation results (i.e. the use of model default settings (Gwynne, Kuligowski, Spearpoint, &
Ronchi, 2015)).

6.1.

Swinley fire

During May 2011, a wildfire broke out in Berkshire, UK, in Swinley Forest, a WUI region
consisting mainly of conifer forest and heathland. A fire ignited on the 2nd of May and progressed
from the conifer and heath land region towards the southwest, driven by winds that reached 35km/h
(Oxborough, 2012; Smith, 2017). The cause of ignition is suspected to be arson but is otherwise
unknown. Thirteen residences and several businesses were evacuated as a preventative measure
(Smith, 2017; Veeraswamy et al., 2018). Additional areas were at risk during the evolution of the
fire, including Broadmoor high-security hospital, a research laboratory and the Easthampstead and
Crowthorne residential areas. Due to the collaboration of fire services and nearby roads acting as
effective fire breaks, the fire spread was significantly limited to burning 1.65 km2 of the 3 km2
forest. The fire was eventually extinguished by 17:43 on the 8th of May, costing over £1 million,
and requiring the collaboration of 12 national fire and rescue services to limit the progression of
the fire.
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Figure 20. Detailed fuel model map of Swinley forest (provided by Dr Thomas Smith (Smith, 2017)).
Ignition points are indicated with orange crosses.

The fire initiated as shown in the red crosses Figure 20 (Smith, 2017), and propagated in the
southwest, towards sites A, B and C in Figure 20. Overall, 300 hectares was the size of the
impacted region (of which >165 hectares of this region were completely burned). The major
roadways between the affected area and sites A and B acted as a natural fire break, reducing the
impact of the fire on the populated area, and further reducing its spread.
A summary of the Swinley fire case study is available in Table 3 according to the template for case
study reporting presented in (Ronchi et al., 2017).

1
2
3
4
5
6
7
8

9
10

Table 3. Summary of the Swinley forest fire.
Where?
Swinley Forest, Berkshire, United Kingdom
When?
02/05/2011 – 08/05/2011
Why?
Suspected Arson
Initial fire size
Unknown
Area affected
3 km2 impacted, 1.65km2 burnt
Type/s of forest involved in wildfire
Conifer forest and heathland
Did the fire spread inside the WUI
No, urban area essentially undamaged by
fire
Average weather conditions
High wind speeds (initially above 35kmh-1),
low relative humidity (40%), and high
temperatures (above 30 degrees Celsius).
Geographical highlights
Multiple paths and main roads
Was there any natural fire break?
No, although main roads acted as effective
fire breaks
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11
12
13
14
15
16

17
18
19
20
21

22
23
24

25
26

Did the Fire Service report extreme fire
behaviour
Number of structures and
infrastructures affected
Estimated direct and indirect economic
damage
Did it occur in conjunction with
multiple fires in the country?
Countries involved
Brief timeline of the events

Time of initial order to evacuate
Time when evacuation was considered
completed
Deaths/Injuries
People Evacuated
People threatened to be evacuated

Evacuation type
Personnel involved in rescue operations
Did the smoke hindered significantly
the evacuation because of low visibility
or health problems
Possible causes of issues in
management operations
References

Considerably strong winds driving spread
No residences affected; several roadways
closed
£1 million incurred to fire services and
local area. Estimated 1.65 km2 burnt
No
United Kingdom
2/05/2011 – fire detected in Swinley forest
3/05/2011 – press release confirming
evacuations and several road closures
8/05/2011, 17:43 – Stop message issued by
fire services
/
Unknown
None recorded
13 local residences in Brookers Row
Broadmoor high security Hospital,
Crowthorne and Easthampstead residential
areas, Royal Military academy Sandhurst,
Transport Research Laboratory
Vehicle
Twelve national fire and rescue services
Unknown

Unknown, evacuation and limitation of fire
spread were successful
Scientific Literature:
Thomas Smith. Modelling the Swinley
Crowthorne forest fire. URL
http://www.kfwf.org.uk/_assets/documents/s
winleyforest/TELSMITH_SwinleyWildfire%
20Seminar_Modelling_10April2015.pdf
Fire Incident Reports:
https://www.whatdotheyknow.com/request/i
ncident_log_for_swinley_forest
Weather data:
https://www.metoffice.gov.uk/public/weath
er/fire-severityindex/documents/Spring_2011_fire_weathe
r_conditions_tcm6-35277.pdf
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Significant risk and damage may have been incurred to the local populated area in case of more
severe scenarios (Smith, 2017), and hence further evacuation may have been required. The severity
of the evacuation threats is influenced significantly by the magnitude and direction of the wind.
Following calibrating the wildfire model to follow a similar spread mode to the identified burnt
region, Smith has considered four more severe scenarios (Smith, 2017) by modifying the wind in
the original fire spread scenario by increments of 90 degrees, namely 1) the initial wind direction
(Southwest) plus an additional 10 km/h, 2) the initial wind direction rotated 90 degrees clockwise
(North), 3) the initial wind direction rotated 180 degrees clockwise (Northeast), 4) the initial wind
direction rotated 180 degrees clockwise (Southeast). Smith found that in those cases the fire could
have significantly impacted other urban areas. The fire could have impacted the Crowthorne and
Easthampstead residential areas, and also approaching the research laboratory and Broadmoor
hospital, (see Figure 21).

Figure 21. Four individual fire spread scenarios (defined as scenarios 1 to 4) for the Swinley fire case,
each modified in varying wind directions. The red area represents the combined burnt area from all four
scenarios considering fire breaks. The orange area represents the combined burnt area from all four
scenarios with failed fire breaks. This graph has been produced with the PERIL tool. The main at-risk
populated regions were identified as the Crowthorne and Easthampstead suburban areas.

These evacuation scenarios were investigated by University of Greenwich using evacuation
modelling to compare the fire spread and evacuation timescales (Veeraswamy et al., 2018). The
maximum modelled assembly times from each of the key evacuation points resulted in 18:40 min
(evacuation site D), 67:25 min (evacuation site B) and 84:25 min (evacuation site A) (Veeraswamy
et al., 2018). A safety margin was also set in the current work and it is defined as the time between
the last person leaving an evacuation site and the fire reaching that evacuation site. These were
equal to 5.73 (evacuation site D), 5.31 (evacuation site B) and 2.98 (evacuation site A).

6.1.1. Modelling trigger buffers in the Swinley fire evacuation case
Trigger buffers have been modelled using the data concerning the rate of spread to develop a traveltime network in a similar methodology as discussed in previous literature (Cova et al., 2005). A
shortest distance algorithm is used to determine the shortest fire travel time between the urban
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fringe and a given cell. The trigger buffer perimeter is then formed by the cells with minimum
travel times ≤𝑡𝑡𝑡𝑡 . The FARSITE model is first run to identify raster files for maximum rate of
spread (𝑅𝑅𝑅𝑅𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 , expressed in m per min m min-1) and the clockwise angle between north and the
direction of 𝑅𝑅𝑅𝑅𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 , 𝜃𝜃𝐴𝐴𝐴𝐴 for each cell can be obtained. The only values of these that will be nonzero are the ones that are directly impacted by the fire spread. This means that in order to determine
a trigger buffer perimeter for an urban area, a fire scenario where the fire approaches and intersects
the urban area is required. Therefore, fire spread scenarios which express a “worst-case” or higherimpact are preferred in application for application in PERIL.
Each isochrone is formed by merging the elliptical isochrones formed from each homogeneous
cell, using Huygens’s principle. Then the dimensions of the ellipse formed at each cell can be
determined. A term defining the ellipse eccentricity is defined and assuming that the wind is
homogenous across the entire scenario, a single value of the mid-flame wind speed can be adopted.
This will then correspond to a single value of length divided by breath ratio for all cells. The ration
of the length ahead of the ignition point to behind the ignition point can then be determined. Further
information on the geometrical solution to solve the key ellipse dimensions are given in (Mitchell,
2019).
A cellular spread network is then built based on the directions in which the fire can spread from a
single cell to another (this is based on the 8-point ordinal and cardinal compass directions, similar
to a Moore neighbourhood). By modelling the nodes at the midpoint of each cell, a network of fire
travel times between nodes is built from the rates of spread. Nodes which do not have a direct path
between them such as non-adjacent cells will have a travel time edge of infinity. A Djikstra
algorithm was then used to calculate the shortest path for each node in the network.
The application of the trigger buffer concept to the Swinley fire case study was performed. Fuel,
topography, wind and weather inputs based on (Smith, 2017) were first implemented within
FARSITE. These were used to calculate the gridded 𝑅𝑅𝑅𝑅𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 and 𝜃𝜃𝐴𝐴𝐴𝐴 data that intersects the urban
sites. The gridded data and coordinates of each site were then inputted into the trigger buffer code.
WRSET values for each site were obtained from (Veeraswamy et al., 2018). The trigger buffer
was then calculated as the ratio between 𝑡𝑡𝑡𝑡 /WRSET=1, i.e. assuming that as the fire intersects the
evacuation site, the site becomes fully evacuated. The WRSET is a value that can be obtained from
external sources or calculated using the WUI-NITY tool. The second trigger buffer was calculated
assuming a safety margin between WASET and WRSET equal to 1.5. The resulting trigger buffers
are presented in Figures 22, 23 and 24, presenting different assumptions on fire breaks. This is
based on multiple simulations, i.e. the trigger buffer data for each site was sampled multiple times
and aggregated results are shown. The outer values of the perimeters are here presented, showing
red polygons on the case study map. The perimeters for sites A, B and E are of sensible size, and
do not intersect the ignition points. Due to uncertainty in the fire and evacuation models,
considering a safety margin equal to 1.5 yields more conservative results. The trigger buffer
perimeter for site D, however, does not present any evacuation perimeter facing the main region
of forest. This can be attributed to 𝑅𝑅𝑅𝑅𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 , data close to zero on the roads, which act as fire breaks
and exhibit no fire spread phenomena in the simulation.
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Figure 22. Assuming perfect fire breaks, trigger buffer perimeters for Crowthorne, research laboratory
and Golden Labrador Pub. The Crowthorne trigger buffers are comparatively large, due to the high wind
speed of fire Scenario 1 used to determine this trigger buffer. Due to the presence of fire breaks to the south
and east of site D, the perimeter is only of significant size pointing away from Swinley forest.

Figure 23. Trigger buffer perimeter for the Broadmoor hospital and the Easthampstead WUI. Both
perimeters progress into the Swinley forest area, whilst being of a manageable size to apply to a fire
strategy., assuming perfect fire breaks.
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Figure 24. Effect of failed fire breaks on trigger buffer perimeters for the Easthampstead, Crowthorne
and the Golden Retriever Pub. The trigger buffer perimeter for site D has progressed south beyond the
fire break, due to its reduced mitigation on the local rate of spread

6.2.

Roxborough Park

The FIREWISE Roxborough Park community has been chosen as a case study. Data from an
evacuation drill conducted by the community were available for the testing and validation of the
WUI-NITY platform (see Appendix 2). As a first step, the characteristics of the community were
implemented in FARSITE and in the WUI-NITY platform in order to perform the case study.

6.2.1. Evacuation Drill and Model
A set of evacuation scenarios have been simulated with the WUI-NITY platform, based on the
data from the Roxborough Park evacuation drill (see Appendix 2). Those scenarios include both
an a priori simulations based on the current defaults of the WUI-NITY platform (see Section 4)
as well as an a posteriori calibration based on the performance data collected during the drill (see
Appendix 2). The scenarios are presented in Table 4.
Scenarios 1-3 include an estimation of the number of people that took part in the fire drill in order
to ensure comparability of results. As a total of 133 households registered to participate and an
additional 5-10 households are estimated to have participated, considering a conservative estimate
of 3.5 people per household, a total of 484 people (this is rounded to an integer based on the cell
size) have been assumed as the threatened population (this includes both evacuees and those who
decide to remain).
Scenario 4 included a larger population (3030 people corresponding to approximately 900
households), which is based on an estimate of the actual size of the community. This scenario has
been examined to establish what might happen in such a drill if the entire community was involved.
It should be noted that the exact number of households and their location in each run may change
(based on the number of people designated per each household).
The destinations of the evacuees are based on the pre-defined routes available in the evacuation
plan of the community presented in the Roxborough Park wildfire protection plan (Roxborough
Park Foundation, 2007) for Scenario 1 and observed in the data collected during the evacuation
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drill for the remaining scenarios (Scenarios 2-4, see Appendix 2). Scenario 3 assumes two blocked
routes. In response, all of the evacuees made use of Route F in (see Figure A2.1) and a lane reversal
order is in place after 600 seconds in the simulation. This case is used to demonstrate the
functionality of the WUI-NITY platform.

Scenario
#
1
2

3

4

Table 4. Evacuation scenarios simulated with the WUI-NITY platform.
Simulation
Pre-evacuation
Route choice
Fire scenario
condition
A priori / 484
Fire does not reach
Default distribution Fastest route (default)
people
community
A posteriori /
Data from
Data from evacuation Fire does not reach
484 people
evacuation drill
drill
community
Fire reaches
Data from evacuation
A posteriori /
Data from
community and
drill updated with fire
484 people
evacuation drill
enforce change of
scenario
routes
A posteriori /
Data from
Data from evacuation Fire does not reach
3030 people
evacuation drill
drill
community

The fire conditions implemented in Scenario 3 were chosen after an evaluation of possible
conditions (concerning all variables that can be implemented within FARSITE), which might
reasonably affect the community. Following the implementation of a set of preliminary fire
scenarios, and given the intention to simulate a reasonable fire evacuation scenario, it was noted
that it was most likely in this case study that the evacuation order would be given before the fire
approached the community. For this reason, the Scenarios 1, 2 and 4 assume that the fire does not
interfere with the community evacuation. In contrast, a fictitious fire scenario was developed in
Scenario 3 to test the ability of the WUI-NITY platform to represent the impact of the fire evolution
on the availability of routes, the actions of the authorities and route choice.
As the WUI-NITY platform makes use of a stochastic approach based on pseudo-random sampling
from distributions, multiple simulations have been conducted to study the impact of behavioural
uncertainty (Ronchi et al., 2014) on the results (convergence was met after 10 repeated
simulations). The assessment of convergence in results has been performed using an approach
currently in use for the study of outputs from pedestrian evacuation model results which make use
of similar assumptions (Ronchi et al., 2014; Smedberg, 2019).
The following outputs have been produced with the WUI-NITY platform. It should be noted that
the outputs presented here refer to the aggregated data obtained running multiple simulations and
after testing the convergence of the results.
The time for people leaving their households has been recorded and it is presented in Figures 2528 for Scenarios 1-4 respectively. This is an indication of the pre-evacuation times produced and
allows a verification of the adequate implementation of the assumed pre-evacuation model. As
expected, results indeed resemble the shape of the implemented distributions. A comparison
between the results of Scenario 1 (all people started moving after approximately 4200 s) and the
default curve used as an input for the pre-evacuation also provides verification of the correct
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implementation of the curve (as Figure 25 is approximately an offset of the curve presented in
Figure 14 in Section 4.2). Similarly, the results of Scenario 2 and 3 are comparable with the data
from the evacuation drill. As expected, Scenarios 2, 3 and 4 yields comparable results in terms of
the shapes of the curve and all people started moving after approximately 7050 s, 7170 s and 7170
s respectively.

Figure 25. People leaving their households for Scenario 1 over repeated simulations (left) and
aggregated curve (right). This represents the output of the pre-evacuation time. Not all pedestrians
decide to evacuate.

Figure 26. People leaving their households for Scenario 2 at different aggregated repeated simulations
(top-left) and aggregated curve (top-right). This represents the output of the pre-evacuation time. Not all
pedestrians decide to evacuate.
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Figure 27. People leaving their households for Scenario 3 at different repeated aggregated simulations
(left) and aggregated curve (right). This represents the output of the pre-evacuation time. Not all
pedestrians decide to evacuate.

Figure 28. People leaving their households for Scenario 4 at different repeated aggregated simulations
(left) and aggregated curve (right). This represents the output of the pre-evacuation time. Not all
pedestrians decide to evacuate.

The curves representing the aggregated (intended as the average result of all repeated simulations)
number of the private vehicles to the respective destinations in Scenarios 1, 2, 3 and 4 are presented
in red in Figures 29-32. Arrival at destinations are in the order of ≈75 min for scenario 1, ≈116
min for scenarios 2-3 and ≈120 min for scenario 4. As expected, the evacuation process of the a
priori and a posteriori simulations present some quantitative differences; for instance, Scenario 1
(employing the default settings) produces shorter evacuation times if compared with Scenarios 24. It should also be noted that in Scenario 1 not all residents are assumed to evacuate, thus a lower
number of people (if compared with Scenarios 2-4) would be on the road. Scenario 2 and 3
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provides comparable results because the authority’s actions in Scenario 3 (i.e. lane reversal)
effectively compensates for the impact of the fire. Since the number of people per private vehicle
is randomly generated and depends on the number of people per household, it appears evident that
the chance of having more than 1 people per vehicle is higher in scenario 4 (given the higher
number of people in the scenario).

Figure 29. Results of repeated simulations of arrival time of people in the private vehicles to the
respective destinations in Scenario 1 (the average curve is in red).

Figure 30. Results of repeated simulations of arrival time of people in the private vehicles to the
respective destinations in Scenario 2 (the average curve is in red).
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Figure 31. Results of repeated simulations of arrival time of people in the private vehicles to the
respective destinations in Scenario 3 (the average curve is in red).

Figure 32. Results of repeated simulations of arrival time of people in the private vehicles to the
respective destinations in Scenario 4 (the average curve is in red).

Similar to the results presented in Figures 29-32, it is also possible to obtain the curves representing
the people on the road network system at any point in time during in the simulation. This is
obtained considering the simulated number of people in each vehicle. As expected, the results
indicate a lower number of vehicles in the system over time for Scenario 1, an intermediate number
for Scenarios 2-3 and a higher number for Scenario 4. These outputs are presented in Figures 3336. This is of particular interest as the overall evacuation time for Scenarios 2-4 are similar;
however, the conditions produced during the scenarios are different.
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Figure 33. Results of repeated simulations representing the current people in the road network system
versus time (the red curve is the average result) for Scenario 1.

Figure 34. Results of repeated simulations representing the current people in the road network system
versus time (the red curve is the average result) for Scenario 2.
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Figure 35. Results of repeated simulations representing the current people in the road network system
versus time (the red curve is the average result) for Scenario 3.

Figure 36. Results of repeated simulations representing the current people in the road network system
versus time (the red curve is the average result) for Scenario 4.

The average speeds of the vehicles produced during the scenarios are presented with red curves in
Figure 37 (Scenario 1), Figure 38 (Scenario 2), Figure 39 (Scenario 3) and Figure 40 (Scenario 4).
These average speed results can give an indication of the congestion on the road over time.
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Figure 37. Aggregated curves of average speed during the simulation for Scenario 1 (the red curve is the
final average curve after all repeated runs in grey).

Figure 38. Aggregated curves of average speed during the simulation for Scenario 2 (the red curve is the
final average curve after all repeated runs in grey).
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Figure 39. Aggregated curves of average speed during the simulation for Scenario 3 (the red curve is the
final average curve after all repeated runs in grey).

Figure 40. Aggregated curves of average speed during the simulation for Scenario 4 (the red curve is the
final average curve after all repeated runs in grey).

The results provided in Figures 37-40, combined with the information of people that had not yet
accessed the road network (either because they decided to remain or because they were walking
towards their private vehicle) allow the assessment of vulnerability, as discussed in Section 5.
Vulnerability is here calculated in each scenario based on the integral of the number of people
remaining in the threatened area over time (in this case study, this is made in 10 min intervals,
starting backwards from the WRSET). This number can be expressed as a dose - in people*time.
The larger the number; the greater the vulnerability. The results for all scenarios under
consideration are presented in the following Table 5. As expected, a significantly greater
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vulnerability can be observed in Scenario 4 (given the higher number of people remaining in the
scenario over time, even though the overall evacuation time produced is broadly similar).
Table 5. Results of vulnerability assessment for the four scenarios under consideration and
based on aggregated results from multiple simulations. The greatest value of vulnerability is
reported in bold.
Scenario WRSET -10 min -20 min -30 min -40 min -50 min -60 min
17060
42319
76928
121673
192858
353443
1
-70 min -80 min -90 min -100 min -110 min -120 min
604094
N/A
N/A
N/A
N/A
N/A
WRSET -10 min -20 min -30 min -40 min -50 min -60 min
2491
11116
25961
47506
75084
107625
2
-70 min -80 min -90 min -100 min -110 min -120 min
145676
208439
314745
499717
770714
N/A
WRSET -10 min -20 min -30 min -40 min -50 min -60 min
2491
11116
25961
47506
75084
107625
3
-70 min -80 min -90 min -100 min -110 min -120 min
145676
208439
314745
498554
768979
N/A
WRSET -10 min -20 min -30 min -40 min -50 min -60 min
16460
67078
157793
289401
491089
921081
4
-70 min -80 min -90 min -100 min -110 min -120 min
1603079 2556562 3808901 5368851 7131976 N/A
Table 5 presents a quantitative summary of the dynamic vulnerability assessment that can be
performed with the WUI-NITY platform. The values obtained can be compared against each other
within the same scenario (to study dynamic vulnerability over time in a given condition) and
between scenarios (to evaluate the vulnerability under different conditions).
The vulnerability assessment is based on the number of people in the area over time and the
capacity of the road network to cope with the evacuation. The integral is calculated starting from
the WRSET (i.e., it considers the situation starting from the completed evacuation for those who
have decided to evacuate) and then investigating the evolution of the vulnerability over time. The
coupling of the calculated vulnerability assessment with the trigger buffer concept allows the
estimation of the safety margin available in comparison to the WASET and how a different
WRSET would affect the situation. It is also possible to estimate how the vulnerability dynamically
changes in relation to the evolution of the evacuation. A different fire scenario would affect the
road network availability/capacity; thus the vulnerability scores and trigger buffers will change
accordingly. In addition, the effectiveness of authorities’ decisions (i.e. lane reversals) can
dynamically be estimated through the updated vulnerability scores.
Along with the vulnerability assessment scores, the outputs of the private vehicle density on the
road network at given time intervals can also be displayed in 2D. An example of a set of
screenshots of visualization of the outputs over time is presented in Figure 41. This allows the
evolving traffic conditions to be charted.
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Figure 41. Example of screenshots of visualization of the private vehicle density outputs over
time. The red colour indicates a higher presence of people.

6.2.2 Modelling trigger buffers in the Roxborough evacuation case
Figure 42 shows results for the selected South-East wildfire modelled in FARSITE. In other
investigated wildfires, the fire did not propagate significantly enough to enter any of the populated
regions (indicated as A, B and C), and hence would not prove a significant risk to the community.
In this wildfire, the wildfire developed away from the South-East region and towards the northern
region and was propagated by a 16kmh-1 North wind. In this wildfire no fire breaks were
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implemented, presenting a worst-case wildfire. Fire breaks could be main roads and pathways that
limit the spread of fire across them due to reduced available fuel.
After the fire, the burnt region (red) indicates that the wildfire entered populated region B but does
not enter regions A or C; this is attributed to variation in both topography and fuel throughout
Roxborough. Populated regions A and C are downhill from region B, with a long hill dividing sites
A and C from B. Also, there is an absence of significant fuel on the East sides of populated regions
A and C, limiting the progression of the fire in these regions. Overall, the risk to region B in the
wildfire would be significant enough to trigger an evacuation.
Since region B was the most at-risk population in this wildfire, PERIL was run using the WRSET
from evacuation scenario 3, as this is the evacuation scenario in which the wildfire is predicted to
intersect the community. Evacuation scenario 3 has the greatest WRSET of all evacuation
scenarios and represents a greater risk to the population. This was done to develop trigger buffer
perimeters for region B simulated as shown in Figure 42. To further refine these trigger buffer
perimeters, these can be entered into WUI-NITY with the wildfire spread data to trigger the
evacuation model as described by the WUI-NITY /PERIL flowchart depicted in Figure 19, and
determine whether a new WRSET needs to be defined.

Figure 42. Generated trigger buffer perimeters for populated region B (left) and wildfire
scenario modelled in FARSITE (right).
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7. WUI-NITY next steps – Discussion and implications of the work
This work represents a proof-of-concept for an integrated platform for the simulation of coupled
fire spread, pedestrian response/movement and traffic evacuation. The process of development of
the WUI-NITY platform along with its key modelling assumptions has been presented. The
combined use of the WUI-NITY platform to generate WRSET along with the PERIL tool to
generate trigger buffers are deemed to be useful instruments for enhancing authorities’ situational
awareness in case of a WUI fire evacuation scenario.
The WUI-NITY platform has two primary application modes: before an incident and during an
incident. Before an incident, the user will be less constrained with time and may want to examine
a range of different ‘what-if’ scenarios. During an incident, the user will want to project the known
current conditions into the near future to predict the emergent conditions faced. The application
mode also has implications on the time available to perform the simulations. For this reason, issues
associated with computational constraints would lead to the use of empirical and semi-empirical
models for this type of applications. This first implementation of the WUI-NITY platform has been
deliberately performed with simple empirical models, which have known limitations (see these
reviews for further information (Intini et al., 2019; Ronchi et al., 2017; Sullivan, 2009)). The
granularity requested in a given application mode might be different (also due to the uncertainty
associated with different modelling tools implemented in the platform), thus further studies should
look into implementing modelling tools with a higher level of resolution.
A comparison between the results of Scenario 2 and the data obtained in the evacuation drill allows
an overall evaluation of the predictive capability of WUI-NITY. The comparison of the preevacuation response and route choice represents a verification of the implementation of the model
input. Regarding the validation of the overall results, the shape of the evacuation time curve is
qualitatively comparable (mostly because it is driven by the same pre-evacuation time distribution
in use) as well as the overall evacuation time in simulations and the drill. This can be observed by
looking at the simulated results of scenario 4 which is comparable with the evacuation drill results,
(the simulated evacuation is completed in approximately 2 hours in, while the drill was completed
in approximately 2.5 hours). It should be noted that several settings of the simulation could be the
cause of this difference (e.g. the time-steps adopted for the simulations, spatial resolution, the
minimum speed adopted for the traffic simulations, etc.) and they need dedicated studies. Also,
the simulations make use of pseudo-random sampling from distributions, thus the model adopts
one scenario to extrapolate conditions in repeated simulations and then evaluate an average
aggregated result. For all these reasons, the user of the WUI-NITY platform is always encouraged
to adopt appropriate conservative safety margin during its application. In other words, despite the
attempt to calibrate and test WUI-NITY with data from an actual evacuation drill, the platform
certainly requires further validation. Further testing, considering different scenarios and conditions
should be performed and ideally compared with data from actual case studies or evacuation drills.
For instance, WUI-NITY has currently be tested with a spatial resolution of 30x30m; a much finer
resolution may lead to computational performance issues, while a much coarser resolution might
lead to inaccuracy in results. Future studies should also test WUI-NITY with different
devices/machines with varying computational performance. Future research should for instance
test the applicability of WUI-NITY for case studies with larger area and population sizes. The
scarcity of data availability in regard to human behaviour and evacuation response in case of WUI
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fire evacuation scenario might make this task difficult. Nevertheless, it is hoped that the data
presented here on the Roxborough Park case study and used to calibrate and test the model
predictions would be a starting point for future data collection efforts of this kind. It should be
noted that the Roxborough Park community is a FIREWISE community, thus there is a great
potential for similar data collection efforts in North America and around the world due to the large
number of FIREWISE communities. In other words, more communities could follow the example
of the Roxborough Park community and could potentially provide more and more data for
development and validation of WUI fire evacuation models.
Being this the first stage of development of the WUI-NITY platform, several limitations have been
identified which should lead to subsequent future research efforts. Each individual sub-model has
significant limitations (which are discussed in the section 4 in more detail). It is important to
highlight that the current implementation aims at demonstrating the feasibility of the coupling
between modelling layers and assessing the key variables to be taken into consideration. This
should by no means considered be an exhaustive list of variables and inputs/outputs to be
considered for a comprehensive dynamic vulnerability assessment. For instance, the vulnerability
assessment provided by WUI-NITY mostly address physical variables (i.e. number of people in
the threatened area over time) rather than addressing issues linked with social vulnerability.
Nevertheless, in its current form, the WUI-NITY platform still represents a step towards a more
informed decision making in evacuation scenarios. This is given its unique ability to couple
different modelling layers and the opportunity to represent the impact of actions/decisions on the
evacuation process, and the subsequent implications on the evacuation outcome. This can be
especially informative for real time emergency management scenarios, as authorities often face
several challenges in deciding whether or not to evacuate a given area. From an evacuation
planning perspective, the WUI-NITY platform gives the opportunity to systematically explore the
impact of different fire scenarios on the evacuation process. The great benefit of the tool is that the
variability in fire conditions can be coupled with different strategies adopted by the authorities,
thus allowing the investigation of a set of connected scenarios and sub-scenarios.
The tool is currently sourcing results from the FARSITE model for the fire spread modelling. In
principle, results from any other model could be used as long as the output format is in line with
the FARSITE output format. Nevertheless, future research efforts might explore the coupling of
the platform with physically-based fire models (e.g. the Fire Dynamics Simulator FDS
(McGrattan, Hostikka, Floyd, Baum, & Rehm, 2007)) in order to increase the accuracy of the fire
spread simulations.
The pedestrian response model within the WUI-NITY platform is currently deliberately simple,
mostly due to the scarcity of the data available for its calibration. Future research should attempt
to reproduce not only the evacuation response curve of the households, but rather predicting the
individual response of each household based on internal and external variables, i.e. the type of
population in the household and the conditions they face. An example of more sophisticated
modelling framework could be the use of the protective action decision model (Lindell & Perry,
2012). This type of modelling approach is ongoing in the fire evacuation literature (R. Lovreglio,
Kuligowski, Gwynne, & Strahan, 2019), but it relies on the availability of data for its calibration.
A further development could also include the assessment of individual decision-making within a
household, as different household members may take different decisions (to evacuate or stay)
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(Adam & Gaudou, 2016; Bañgate, Dugdale, Beck, & Adam, 2019; Mancheva, Adam, & Dugdale,
2019). Similarly, the pedestrian movement is currently represented in a very simplified manner,
mostly relying on a limited set of variables, i.e., walking speeds and distance to the traffic nodes
for the calculations. More sophisticated approaches would implement a more sophisticated
microscopic modelling approach which implements a more complex pedestrian movement model
(i.e., using an agent-based modelling approach for microscopic movement considering the actual
spatial navigation and interactions among pedestrians).
The traffic model implemented in the WUI-NITY platform relies on a macroscopic approach in
which a simple relationship between fundamental traffic variables (flow, density and speed) is
considered. Some procedural actions of the authorities have been implemented (e.g. road blockage,
lane reversal, etc.) thus their impact on evacuation performance can be estimated. It should be
noted that the impact of procedural decisions is currently irreversible (i.e. once a decision has been
taken by the authority, this cannot be changed). Future model implementations should give the
user the opportunity to “regret” such decisions.
An attempt has been made to consider the impact of route choice on evacuation (e.g. if the chosen
route is the shortest, fastest or user-defined). Also in this case, future research efforts should
consider the implementation of a more sophisticated microscopic modelling approach (i.e., a traffic
evacuation model) which could take into account a much greater number of variables (e.g.
signalization of intersections (Akcelik, 1988; Fu, Pel, & Hoogendoorn, 2015), more complexity in
behavioural factors affecting the evacuation journey, etc.). It should also be noted that the current
approach focuses on the simulation of the movement of private vehicles, while further means of
transport might be available during an evacuation (i.e. public transport, evacuation on foot,
evacuation via sea or air).
The WUI-NITY platform is currently built to consider behavioural uncertainty (Ronchi et al.,
2014), i.e. how the variability of human behaviour affects evacuation performance. This is
particularly important for any evacuation models, as the current limited understanding of human
behaviour in fire leads to the use of stochastic models for its representation. In the case study
provided, the stochastic results of the WUI-NITY platform have currently been analysed using a
third-party freeware tool for the analysis of behavioural uncertainty in evacuation model results
based on functional analysis and inferential statistics (Smedberg, 2019). Future model
implementations may embed such type of tool within the WUI-NITY platform in order to facilitate
the analysis of stochastic results.
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Appendix 1 - User Manual v.1 [link to video tutorial]
https://youtu.be/o2T_YycBhlE
A set of screenshots from the GUI of the WUI-NITY platform are presented below. These include
a screenshot of a blank main menu (Figure A1.1), the main menu with an imported location (Figure
A1.2), the FARSITE import menu (Figure A1.3), the Gridded Population of the World (GPW)
menu (Figure A1.4), the traffic menu (Figure A1.5), and the output menu (Figure A1.6).

Figure A1.1. Screenshot of a blank main menu in WUI-NITY.

Figure A2.2. Screenshot of the main menu in WUI-NITY with an imported location.
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Figure A2.3. Screenshot of the FARSITE menu in WUI-NITY with an imported location.

Figure A2.4. Screenshot of the Gridded Population of the World (GPW) menu in WUI-NITY with an
imported location.
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Figure A2.5. Screenshot of the traffic menu in WUI-NITY with an imported location.

Figure A2.6. Screenshot of the output menu in WUI-NITY with an imported location.
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Appendix 2 - The Roxborough Park evacuation drill
OVERVIEW
On the 27th of July 2019, the community of Roxborough Park in Colorado (US) arranged an
evacuation drill. This community is part of the FIREWISE program of the National Fire Protection
Association, which aims at teaching people how to adapt to living with wildfire and encourage
communities to work as a group to take action to prevent losses 7. This drill was therefore arranged
within a set of activities to reinforce emergency preparedness of the community in case of wildfire.
This brief overview has been generated as feedback to the event organizers, but also as a basis for
the subsequent modelling of the event as part of a case study. The intention of that case study is
both to examine the performance of a recently develop simulation framework, but also provide
feedback to the community regarding projected performance of the drill had the entire community
population taken part. The data below will be used to configure the model and then inform that
analysis.
Roxborough Park is a wildland urban interface community that is surrounded by Roxborough State
park on three sides. The community includes approximately 900 homes and an approximate area
of 8.98 Km2 (2230 acres) located 32km away southeast of downtown Denver. Residents of
Roxborough Park has been exposed to two wildfires in the past: the 1996 Buffalo Creek Fire and
the 2002 Hayman Fire (when a voluntary evacuation order was issued by the incident command).
Roxborough Park has a community wildfire protection plan (CWPP) in place which includes
information concerning evacuation options. Currently the community has the following three
egress routes: Roxborough Drive (via Main Gate or via emergency egress easement), Roxborough
Drive North via Ravenna and the Fox Paw Trail to Ravenna. The evacuation plan also includes an
additional emergency egress route across a golf course to facilitate egress towards East.
During the evacuation drill, three different routes were made available: namely Roxborough drive
via the main gate [R in Figure A2.1a], via emergency egress easement [E in Figure A2.1a], or the
Fox Paw Trail to Ravenna [F in Figure A2.1a]. These routes were accessed via a gate that enabled
residents to enter the emergency routes. The three gates are marked as orange circles in Figure
A2.1a and provided access to routes R/E/F. In this discussion, the gate and route selection are
treated synonymously. The route through the golf course was deemed unavailable for evacuation
during this drill. From discussion with the drill organizers, a fire starting West or South-West of
Roxborough Park is considered most likely, given the location of vegetation and predominant wind
direction (from the west). It would also pose a considerable challenge; for instance, as with the
Buffalo Creek fire of 1996 and Hayman fire of 2002. The likelihood and severity (and history) of
such an event warrants preparations.
The authors grouped households into zones (A, B and C in Figure A2.1(b)) to monitor starting
locations of drill participants. This enabled the authors to better understand the relationship
between starting zone and route use. This is of particular value to subsequent modelling
applications of this event.

7

https://www.nfpa.org/Public-Education/Fire-causes-and-risks/Wildfire/Firewise-USA
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Figure A2.1 (left) Emergency egress routes available during the evacuation drill and (right) zones where
participants started their journey (defined by the authors as part of the analysis).

The evacuation drill was announced beforehand and a total of 133 households registered to
participate. It should be noted that additional households might have joined during the drill, but
their precise number has not been counted. At this point, it is speculated that another 5-10
households joined the drill during the event (some of whom eventually returned surveys and/or
were observed at the gates and assembly point).
Prior the drill, registered participants received information on the routes available for evacuation.
Participants were advised to choose a primary route to use during the drill. Participants were also
encouraged to try other routes once they had completed the first route. To do so, they were asked
to drive back through their original entrance point and once arrived, start their second (or third)
route from that location.
A questionnaire was prepared for participants to complete either during or straight after the drill
with extensive input from homeowner association and local emergency management officials. The
questionnaire was sent to participants by these organizations one week before the drill. Questions
were asked about the timeline of participants’ actions (e.g. accessing their vehicle, reaching a given
destination, etc.), participants’ chosen first route, and participants’ final destination(s) (see
questionnaire in Appendix I). Those who did not receive the survey beforehand could also receive
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a copy as they passed through the gate adjacent to their community. 62 surveys were returned on
the day of the drill, while 15 more arrived afterwards. These surveys were generally
comprehensively completed, with less than 25% including omissions that affect the analysis here.
As such, there are discrepancies in the size of the data-sets reported below with gaps produced
through omissions in the surveys or missed observations.
On the day of the drill, the CodeRed alert was given at 09:00 am to the participants (via text, email
and/or phone call). 66% of participants reported receiving a phone call, 30% reported receiving an
email, 8% received a text and 4% received information directly from staff. 30% of participants
received notification from multiple sources.
After receiving the alert and potentially engaging in preparatory actions, participants accessed their
vehicles and selected one of the evacuation routes available. After the journey was completed, a
sub-set of participants decided to practice evacuation via a second or third route. Once the
evacuation drill was completed, the participants then met with the drill organizers at the assembly
point (the West Metro Fire Station 15) in order to hand-in their filled questionnaires and participate
in a drill debrief. In addition to the times and information provided by the participants, drill
organizers recorded the times when the participating vehicles arrived at three gates (to start their
evacuation) and the final assembly point. The arrival times at the assembly point were categorized
according to the number of routes completed by the arrivals.
Observers were located at the three gates used (see orange circles in Figure A2.1a) and at the
assembly point. A total of 107 arrival observations were recorded at the gates and 53 arrival times
were recorded at the assembly point. Overall, the following information was collected from this
drill (source indicated):
● [SURVEY] Percentage of participants starting in each zone (considering the community
was grouped into three zones, see A2.1);
● [SURVEY] Pre-evacuation time of each household (after 0900 signal).
● [OBSERVED] Arrival time of evacuees at each gate. This is used as an upper bound proxy
for pre-evacuation times.
● [SURVEY / OBSERVED] Numbers of people using each gate (F/R/E), given initial zone.
● [OBSERVED] Reported arrival time (at the assembly point)
As mentioned, there may be inconsistencies in the sample sizes below given that not all participants
completed all of the questions in the survey or provided sufficient information to enable the
analysis presented.
RESULTS
For the 74 responses in the initial surveys. 34% of respondents started in Zone A, 20% started in
Zone B and 46% started in Zone C (see A2.1b). The survey responses provided insights into the
participant pre-evacuation times. These insights were derived from the self-reported survey replies
and observations made at the gates which are employed as a proxy for conservative pre-evacuation
time estimates.
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The self-reported pre-evacuation time distributions for the whole sample as well as for each zone
is presented in Table A2.1. It is apparent that these times ranged from zero minutes (effectively
where people were ready to leave on receiving the notification) up to 90 minutes, producing a lognormal distribution – as would be expected (see Figure A2.2).
Table A2.1 Pre-evacuation time distributions (in minutes).

% Population

Full sample Zone A Zone B Zone C
Mean
14.99
14.40
16.73
14.48
Standard Error
2.01
3.16
5.60
2.93
Median
9
8
8
10
Mode
5
5
15
5
Standard Deviation 17.26
15.81
21.69
16.84
Sample Variance
297.90
250
470
284
Kurtosis
6.98
4.22
4.60
12.53
Skewness
2.58
2.13
2.32
3.19
Range
90
60
75
89
Minimum
0
0
2
1
Maximum
90
60
77
90
Count
74 (73)
25
15
33*
* Not all of the respondents in each zone identified a pre-evacuation time.
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Figure A2.2. Frequency distribution of reported pre-evacuation times.

Arrival times at the gates have also been used as a conservative estimate of the pre-evacuation
time of the responding residents. It provides an upper bound to possible pre-evacuation times given
the reasonable proximity of the gates to the communities. The reported gate arrival ‘preevacuation’ times observed at the “starting” gates are presented below as a frequency distribution
(Figure A2.3), a scatterplot of individual pre-evacuation times against the order in which they
arrived at each gate (Figure A2.4), and as a curve aggregating the pre-evacuation times collected
at all of the gates (see Figure A2.5). Only data from participants’ first run are included.
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Figure A2.3. Frequency distribution of estimated pre-evacuation times - generated from the arrival times
(in minutes) of evacuation drill participants at chosen gate.

No. of Arrivals

It is apparent that the distribution of estimated pre-evacuation times generated from gate arrivals
(see Figure A2.3) and the reported pre-evacuation times in the survey (see Figure A2.2) are
somewhat similar in shape, with a modest shift along the x-axis indicating that the estimated preevacuation times are slightly conservative predictions, as expected. This implies that the use of the
gate arrival times might represent reasonable conservative estimates of pre-evacuation times in
this case.
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Figure A2.4. Estimated pre-evacuation times generated from arrival times at chosen gate. The letters F, R
and E indicate the gate / route chosen by the participants (see Figure A2.1a).

74

The pre-evacuation time (gate arrival time) observations can also be presented according to the
gate being used (see Figure A2.4). Here, the F gate had an average arrival time of 32.1 minutes
(ranging from 6 – 105 minutes), the R gate had an average arrival time of 18.7 minutes (ranging
from 2 – 51 minutes) and the E gate had an average arrival time of 35.9 minutes (ranging from 5
– 100 minutes). Although this data is not as immediately useful for model configuration, it does
provide an additional performance check for model output. The overall set of gate arrivals (preevacuation time estimates) are compiled in Figure A2.5 to produce a cumulative curve. It shows
the influences of late arrivals on the overall outcome which is indicative of a lognormal
distribution.
120
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Figure A2.5. Estimated pre-evacuation times generated from all arrival times to the three gates.

Across the entire respondent population, the surveys indicated that 24% (18/75) used Gate/Route
F, 45% (34/75) used Gate/Route R and 31% (23/75) used Gate/Route E during their first run (see
Figure A2.1 and Table A2.2). These percentages are similar to the gate count observations: first
run users of Gate/Route F 27% (29/107); Gate/Route R 39%(42/107); Gate/Route E 34% (36/107).
This similarity among the data increased our confidence in the veracity of the survey responses.
It was also possible to derive from the surveys the percentage of the population using each gate
given their starting zone and the pre-evacuation time distributions according to starting zone 8 (see
Table A2.2). These data are particularly useful for modelling the evacuation from each area. It
allows us to assign gate/route use according to the starting location rather than assuming gate
selection is independent of starting location and therefore uniform across the community. The
gates/routes used during the evacuation as reported in the survey responses are shown in Table
A2.2. These data also show the route use for the populations starting in each of the three zones (A,
B, or C, see Figure A2.1b). A total of 24 people reported started from Zone A, 15 people from
Zone B, and 33 people from Zone C.
8

It should be noted that these findings on route choice may not reflect what would actually happen in a real event,
since participants mentioned wanting to travel routes during the drill with which they were unfamiliar, rather than
ones they would have chosen in an actual fire event.
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Table A2.2. Self-reported route use given starting location.

Route/
Zone
R|A
E|A
F|A

# of
people
20
1
3

% of
usage
83.3
4.2
12.5

Route/
Zone
R|B
E|B
F|B

# of
people
0
2
13

% of
usage
0.0
13.3
86.7

Route/
Zone
R|C
E|C
F|C

# of
people
13
19
2

% of
usage
38.2
55.9
5.9

Evacuation times were estimated from the reported survey responses and from the observed times
at the assembly point for those on their first run (see Table A2.3). As expected, the observed arrival
times at the assembly point should be treated as an upper bound given that some people may have
completed other tasks en route prior to their arrival or have practiced multiple routes before arrival.
Table A2.3. Self-reported (left) and observed (right) evacuation times

Reported evacuation time
Mean
31.13
Standard Error
Median
Mode
Standard
Deviation
Sample
Variance
Kurtosis
Skewness
Range
Minimum
Maximum
Count

2.87
24
15
23.86
569.17
8.09
2.36
148
0
148
69

Observed Evacuation Time
(Assembly Point)
Mean
105.92
Standard
Error
6.70
Median
136
Mode
150
Standard
Deviation
48.81
Sample
Variance
2382.42
Kurtosis
-1.49
Skewness
-0.46
Range
132
Minimum
18
Maximum
150
Count
53

The frequency distribution of the reported evacuation times is shown in Figure A2.6.
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Figure A2.6. Reported evacuation times for the first run.

The ordered individual evacuation times for both the reported and observed data-sets are shown in
Figure A2.7. It is apparent that although the overall evacuation time for the two populations are
equivalent, the individual reported evacuation arrivals typically under-predict the observed times
until the end of the end of the event. This might be clearer in the cumulative evacuation times of
the reported and observed data-sets are shown in Figure A2.8.
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Figure A2.7: Reported and observed evacuation curves for the first run.

Here, there is a consistently larger proportion of the population reported as having arrived than the
number observed. It is apparent that there is a large upturn in observed arrivals at the end of the
evacuation. This represents a dozen or so vehicles arriving during the debrief meeting who were
recorded as arriving at 1130. In both cases, the difference in the profiles of the observed and
reported data is apparent. Modelled results should likely approximate the reported evacuation
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times, and fall below the observed ‘evacuation times’ as approximated by the arrival times at the
assembly point.
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Figure A2.8. Cumulative evacuation times for first run.
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Appendix 3. Questionnaire on evacuation behavior in community
exercise
The National Fire Protection Association (NFPA) is currently managing an international research
project to develop tools that improve community evacuation in emergencies. The objective of this
questionnaire is to better understand your experience during this evacuation exercise. This is
voluntary, but your answers will provide important data for the development of these tools and to
help communities to better respond to wildfire emergencies. Thanks for your valuable help!
Please answer the questions below and hand in your written answers on your arrival at the post
evacuation drill meeting point at West Metro Fire Department Station 15. Please answer the
questions during the evacuation or on arrival at the meeting point (e.g. if there is only one person
in the vehicle). If you tried two different evacuation routes, please only refer to the first route
travelled.
Question 1. Please specify below how you received the CodeRed alert (for example: text, email,
phone call, or a combination of the above).
Question 2. See the timeline below and mark the times indicated in the questions below (1-4), as
shown in the example.
1. What time did you get the alert
signal?
2. What time did you leave home (or the
location where you started)?
3. What time did you reach Roxborough
Drive?
4. What time did you reach your final
destination?
Example: (1) indicates the time you received
the alert signal and (2) indicates the time you
left your home with a line identifying the
associated time.
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Question 3. On arrival at the meeting point, please mark the route adopted during your
movement on the map below, along with the two locations identified.
Please mark initial location with
a+ (plus) on the map and
provide street name below (if
you are willing to do so):

Please mark route from initial
location to end point, marked
with a O (circle).
An example is shown below:

If you have questions about the project or these questions, please contact Amanda Kimball at the
Fire Protection Research Foundation at akimball@nfpa.org.
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