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Abstract: Predicting and understanding mass evacuations are important factors in disaster management and response. Current modelling approaches are useful for planning but lack of real-time capabilities to help informed decisions as the disaster event evolves. To address this challenge, a realtime Evacuation Management System (EMS) is proposed here, following a stochastic approach and
combining classical models of low complexity but high reliability. The EMS computes optimal assembly points and shelters and the related network of evacuation routes using GIS-based traffic,
pedestrian and routing models including damaged assets or impassable areas. To test the proper
operation performances of the EMS, we conducted a case study for the Gran Canaria wildfire (August 2019—Spain).
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Climate-related disasters have increased ten-fold since 1960 according to IFRC World
Disasters Report [1] and ETR Report [2]. According to these reports, in total 9924 disasters
have occurred worldwide between 1990 and 2019, increasing the frequency from 39 incidents in 1960 to 396 in 2019, causing, on average, 103,000 deaths per year and decreasing
by 42% over the last three decades. This is due to increased predictive capabilities, technological advances, emergency preparedness and response systems where first responder
organizations and public authorities play a critical role in preventing and mitigating such
unexpected events. They must often make decisions by relying on static procedures, their
own experience and intuition since they do not count on the necessary tools (e.g., Situational Awareness Platforms) based on technologies such as Artificial Intelligence (AI), Geographic Information Systems (GIS) and the predictive capabilities of simulation models.
One of the most challenging safety strategies is the evacuation. It involves critical
decisions such as whether or not, when, and how to evacuate the population of a given
threatened area. Predicting the effects of different evacuation strategies can be crucial information when dealing with an actual disaster. During the last few years, several approaches have been proposed for this endeavour through the characterization of disasters
[3–5], their evolution [6,7], the management and study of traffic under unusual or critical
conditions [8–11], and mass evacuations [12–16].
In relation to mass evacuations, a very recent and promising solution is the WUINITY platform [17]. This tool, which specializes in wildfires, integrates a semi-empirical
wildfire model FARSITE and two macroscopic models (traffic and pedestrian) to provide
dynamic vulnerability maps as the main output. The selected models were deliberately
chosen as empirical/macroscopic models to demonstrate the applicability of the WUINITY platform for real-time applications as it needed limited computational resources to
run such models.
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The main idea behind real-time applications is that the user (decision-maker) can acquire feedback from the model during the previous stages, or even during the event, in
order to prevent and identify threats and be able to respond effectively [18]. He/she should
also have the possibility to explore the evacuation performance ahead of time including
the impact of different responses, resources, and incident scenarios. This requires inputs
from the situation to the model, which should run significantly faster than real-time. One
of the main problems in developing such models is that they are likely to be less sophisticated and produce limited information due to time constraints. The challenge is to obtain
a compromise between run times and providing enough detail in the models (consistent
level of granularity) to allow sufficient accuracy. The real-time decision-support systems
also require processing the outputs quickly enough (immediate results), and the information provided should be easy to interpret and with a high confidence level [19].
To address this challenge, this paper introduces an EMS, which is a GIS-based evacuation decision-support system developed within the ASSISTANCE project (https://assistance-project.eu/, accessed on 28 July 2022) that has received funding from the European
Union’s H2020 research and innovation programme under grant agreement No 832576.
The EMS is integrated by different modules following well-studied, traditional approaches in conjunction with a global stochastic approach in order to predict adaptative
mass evacuation strategies including features such as assembly points, shelter locations,
routing, and pedestrian and vehicular evacuation. Therefore, the main strength of this
system lies in the ability to simulate comprehensive evacuation processes in the case of a
major disaster by considering simple models that are not usually considered in mass evacuations, which are sufficiently accurate to be able to operate in real time in response stages
and to obtain reliable results, unlike classical models that increase the accuracy of the results but require a higher computational load and simulation times, and can only be applied in the planning phases.
These evacuation processes to manage the transit of the displaced population from
households or assembly points to shelters using a particular routing evacuation approach
is widely studied [9], but in our particular case, after analysing different historical largescale disasters, we conclude that, in almost all cases, at some stage of the process, this ends
up becoming a guided mixed evacuation from assembly points to shelters, in most cases
partially assisted. Therefore, disaster relief shelters to provide private and secure shortterm stay places for the displaced population have to be modelled. These shelters are not
arbitrary selected, but are chosen via three criteria: (1) shelter purpose [20], which in our
case will only consider a short-term stay (emergency or temporary shelters), (2) specific
facilities and equipment considering applicability, accessibility and safety characteristics
[21,22] and (3) spatial location ensuring coverage, familiarity and crowding conditions
[23].
Referring to the evacuation routes and the associated pedestrian and vehicular evacuation simulation modules, proposals usually follow different approaches [9], allowing
the management of traffic interactions, the enhancement of route flows, and the estimation of the time of the vehicular evacuation stage. Here, we opted for a dynamic trafficmodelling approach for the implementation of the routing and vehicular evacuation considering a discretized Cell Transmission Model (CTM), assuming a relationship between
flow and density; see “Conceptual Model” section. For the pedestrian modelling, there
are many different approaches [24,25], but a stochastic flow-based approach similar to the
previously proposed methodologies [26,27] was followed.
2. Mathematical Model
The particular characteristics of disasters and the factors that shape evacuation evolution have to be considered in order to create appropriate models. In fact, disasters have
common attributes that can be mathematically redefined to better understand the proposed models.
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A disaster is denoted as
= { , } where ∈ ℕ is the number of active hazards
at the same time.
=
, , … , , ∈ ℕ is the set of active evacuations taking place during the disaster .
= { , , … , }, ∈ ℕ is the set of damaged assets or impassable areas resulting
from the disaster .
Elements contained in
and
are also defined as a set of geographical coordinates , = {( , ), ( , ), … , ( , )} where ∈ ℕ is the number or coordinates used to define the evacuation/damaged area.

A real-time stochastic approach was used to predict mass evacuations involving two
stages: (1) pedestrians respond (or not) and move on foot towards vehicles and (2) the use
vehicles (private and/or public vehicles) through the road network. A staged contraflow
evacuation strategy was selected as appropriate based on the study conducted by Kaisar
et al. [28]. The staged methodology divides the evacuation area into small zones that are
sequentially evacuated according to the proximity of the hazard. The contraflow methodology optimizes traffic flow by simultaneously making use of lanes in the same direction
(higher speeds and less congestion).
2.1. Evacuation Routing
A route refers to the way taken in getting from a starting point to a destination. Therefore, three main factors are needed to compute the evacuation routes.
Assembly points are the starting points (origins) where pedestrians board the vehicles. To represent assembly points, a hexagonal tiling is used to discretise the evacuation
area. Assembly points are the centre of each hexagon
= ( , ) (Figure 1). The hexagonal cells ensure two fundamental properties: (1) every evacuee in the evacuation area is
located at a maximum distance (circumradius) from any assembly point; (2) the evacuation capacity of the assembly point does not exceed the expected population load in each
hexagonal cell. To determine the optimal assembly locations, the external service OpenRouteService (ORS) (https://openrouteservice.org/, accessed on 25 July 2022) can be used
as well, in the case of managed evacuation. This service contains a database of places and
points of interest that are classified so that they can be filtered according to the intended
use.

Figure 1. Hexagonal tiling (black) over evacuation area (red).
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Destination shelters are defined by geographical coordinates. Shelters refer to places
giving emergency/temporary protection to people that fulfil three criteria: shelter purpose, facilities and spatial location. Three principles are required to address the spatial
location:




∀ ∈ ∃
= { , , … , } where
represents all feasible shelters for which
the distance to an
geographical boundary ranges in [ , + ], where + is the
maximum distance.
is a systematic uniform random (UR) generated on the circumference with radius
, ensuring properly distributed locations.
∼ UR(0, 2π)
=

+ ⋅

= 2 /
where


is the total number of shelters (Figure 2).

( , ) ≤ + , where the function
⊂ |∀
∈ , ∀ ∈ ( ∪ ), ≤
( , ) is the minimum distance between a shelter geographical location
and the damaged asset or alternative evacuation
geographical boundary (Figure
2).

These principles ensure that the presence of shelters is uniformly distributed within
a safe distance. The geographical locations of shelters are slightly modified using ORS to
well-known points of interest (Pois) nearby the optimal location (e.g., schools, sport centres, etc.) to fulfil sheltering purposes and facility requirements (e.g., safe location, people
capacity). It is true that this adjustment requires precise knowledge of the locations of the
different facilities and their current state, as a facility may be damaged during the disaster
or may not be equipped with the necessary elements for the reception and accommodation of evacuees. In critical scenarios where none of the locations proposed in this distribution coincides with a possible shelter because it does not exist, it is necessary to deploy
a temporary shelter system.

Figure 2. Uniform spatial distribution of shelters avoiding damaged assets and alternative evacuations.
Risk areas to avoid are represented by red polygons, areas to evacuate in blue and green areas are assumed safe.

Evacuation routes are achieved using a dedicated routing service from assembly
points to destination shelters avoiding
damaged assets, yielding to an OD matrix of
routes. The optimal routes are filtered by prioritizing those with better characteristics
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(number of lanes, maximum speed limit, route overlapping) and reducing them as much
as possible while ensuring two conditions: (1) at least one route starts from every assembly
point; (2) the distribution of evacuees is uniform for shelters defined as destinations (Figure 3). The set of routes for a given evacuation
can be defined as
= { , ,…, }
where a particular route is defined by the geographical coordinates
=
{( , ), ( , ), … , ( , )} where the first and last coordinates correspond to both the
assembly point and the destination shelter.

Figure 3. Evacuation route representation from evacuation areas (blue polygons) avoiding damaged areas (red polygons).

2.2. Evacuation Time Estimation
Once the evacuation routes are generated, the next step is simulating the evacuation
process (pedestrian + vehicular). As mentioned in the introduction section, the challenge
consists of performing real-time simulations while maintaining granularity and accuracy
in the models. To address this, we used Monte Carlo simulations to generate representative and significant samples within a short period of time. These real-time simulations
also help to explore the results of a current or an expected evacuation strategy, e.g., detecting in advance the potential conflicts between routes (e.g., congestions) and whether
the distribution of shelters and assembly points is appropriate.
Pedestrian model calculates the movement times of individuals from their starting
locations (e.g., households) to the assembly points. Each pedestrian ( ) is modelled using
three random variables: (1) initial geographic location ( ), (2) pre-evacuation time (
)
and (3) walking speed ( ). These variables are assigned according to the distributions (Table
1) that have been widely studied in the literature [29–31].
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Table 1. Pedestrian parameters estimation.

Var

Distribution
=
=

Uniform.

Normal.
Log-Normal

Details
−
|
−
|
−
.
l =( , )∩

⋅|
⋅|

r=

−2 ⋅

r=

−2 ⋅

( ) ⋅
(2
= µ + ⋅
(

(0,1),

∼

Hence the movement time for each pedestrian
min{
=

) ⋅
µ

=
∼

[Lng]
[Lat]

(2

)
)

⋅

(0,1)
is calculated as follows:
,

}

+

where the function
( , ) is the distance between the starting location of the evacuee
and the assembly point . The default population distribution is taken from WorldPop
(https://www.worldpop.org/, accessed on 25 July 2022), which contains project data that
use both the integration of census data and aerial imagery via satellite in which people
counts and density are provided with a resolution of 100 m2.
Vehicular model calculates for each route
the traffic density, average speed and
number of evacuated people as a function of time. This model uses the pedestrian movement times, vehicles occupancy, boarding time and vehicle expected distribution as random inputs to simulate, via cellular automata, the current traffic status of the routes and
the simulated vehicles they contain by following a microscopic modelling approach [32].
The calculated routes by the previous model are split into road sections with common
characteristics. Road sections are produced by solving the graph problem, erasing duplicated instances that are used by more than one route at the same time, and calculating the
vehicle interactions emanating from different routes that converge in the same road section and the distribution of vehicles when a road section is divided (Figure 4).

Figure 4. Vehicular model flow chart.
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The interaction between vehicles in the same road section is produced by three factors: (1) traffic density
(current),
(critical) and
(jam); (2) average speed ,
and ; and (3) route maximum density
. These variables follow a particular function
that was previously studied in [33].
−
=

⋅ ln

min( ,

)

−
ln

Bearing in mind this relationship, two important constraints have to be addressed.
First, the lane-changing problem in our particular case is solved using a random factor to
increase or decrease the vehicle’s current speed, allowing passing between vehicles when
the road conditions are favourable. Second, the gap acceptance is another factor to restrict
the number of vehicles in a stretch by solving the intersection problems when the road
capacity is exceeded. This problem was solved by considering a queue of vehicles with
time priority until it exceeds the road capacity moment in which the current status of other
vehicles in the queue is preserved, thereby emulating a traffic jam. Although this approach is quite simple, it allows the fundamental interaction dynamics to be captured
when managing an evacuation in the vehicular phase, and can be used in a stochastic way
by performing multiple iterations that contemplate many of the possible scenarios within
the evacuation process. At the same time, the advantage is that its simplicity means that
it does not require a large computational load, which allows simulations to be carried out
in real time.
3. EMS Platform
The EMS was developed using the Microsoft .NET Framework 4.6.1 where models
and algorithms are represented in several classes. A set of libraries (ESRI ArcGIS, RestSharp and BruTile) were also used for the Graphical User Interface and other components
that are focused on the interaction with external service interfaces. The EMS architecture
follows a client–server approach with the GUI on the client side and other modules operating on the server side, providing an API REST interface that is able to integrate data
from external services, which provides damage asset identification and also integrates the
provided results into other legacy systems (Figure 5). The EMS comprises the following
components:


Graphical User Interface (GUI): It allows the user/operator to manage the active evacuations via the Geographical Information System (GIS), providing an intuitive and
visual interface that shows the real-time status of the evacuation process. The
user/operator can modify/update the situation and re-simulate the evacuation to explore alternative strategies.



Assembly Points Model (APM): This model processes the GIS information of the selected evacuation area (e.g., neighbourhood, urban area, village, town, etc.) and generates a set of assembly points by considering the population distribution, the points
of interest/reference within the evacuation area, and the distances pedestrians are
likely to cover by foot [23].
Shelter Points Model (SPM): This model takes active evacuations as the input, damaged assets, and the spatiotemporal evolution of the hazard (e.g., toxic plumes) to
provide a set of feasible shelters located at the required distance, far from dangerous
areas. It should be noted that the user/operator can assign other shelters as destination points of the evacuation.
Routing Model (RM): This model uses a local dedicated service to provide a routing
plan by ensuring a uniform allocation of evacuees in the shelters. In addition, this
model deals with the likely interactions between routes (i.e., road section used by
more than a route or distribution of vehicles in an intersection).
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Pedestrian Simulation Model (PSM): This model simulates both the decision to respond and the movement on foot of pedestrians at the local/individual level. The
main output is the number of individuals entering the vehicular model over time at
a given assembly point.
Vehicular Simulation Model (VSM): This model simulates the vehicular stage in the
evacuation process in order to obtain estimated route parameters (i.e., traffic density
or average speed) and the number of vehicles/individuals evacuated to a given shelter
over time.

Figure 5. Functional architecture of the Evacuation Management Module, where the presentation,
application and data tiers are presented in blue, green and red respectively.

4. Case Study
This section describes a case study where the EMS was applied to test the following
requirements:
o
Req. 1: The system proposes reasonable and realistic assembly points and shelters,
and the routing algorithm provides optimal routes for evacuation purposes.
o
Req. 2: The pedestrian and vehicular evacuation models provide reliable predictions
modelling vehicular and pedestrian behaviours and interactions.
o
Req. 3: The system operates successfully for multiple evacuation areas and large-scale
evacuations at the same time.
4.1. Gran Canaria Wildland-Urban Interface Evacuation
The Gran Canaria wildfire (August 2019—Spain) was used as an example of application for the EMS. The first forest fire started in Artenara and two more wildfires broke out
around the towns of Cazadores and Valleseco spreading over 6000 hectares in the western
part of the island, reaching several villages and the Tamadaba Natural Park (Figure 6). In total,
700 firefighters and 16 aircrafts were deployed and the disaster lasted 15 days until the
fire was declared to be completely extinguished [34].
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Figure 6. Gran Canaria wildfire intervention map. Red and green dots represent assembly points
and emergency shelters locations respectively. Blue area depicts the evacuated areas and red area
the wildfire boundary.

The wildfire forced the evacuation of 9000 residents from eight different municipalities [35]. In our particular case study, we only considered the three most populated municipalities involving 13 urban areas and 4 sequential evacuations (Table 2). The evacuation strategy carried out for these municipalities was mixed (pedestrian and vehicular
evacuation) with the assistance of first responders. For each of these evacuations, a shelter
location was defined to accommodate the displaced population from each municipality.
Table 2. Use case evacuation details.

Municipality

Agaete

Evacuation Start
Date

18 August 2019

10 August 2019
Artenara
11 August 2019

Santa María de
Guía

17 August 2019

Urban Area
El Risco
El Valle Norte
El Valle Centro
El Valle Sur
Artenara
Las Cuevas
Las Arbejas
Acusa Verde
Coruña
Candelaria
Lugarejos
Barranco del Pinar
Marente

Evacuees

Shelter Location

Shelter Building

1000

Agaete

Alberto Álamo sports
centre

800

Rest home
La Aldea de San
Nicolás

245

100

Hostel

Santa María de
Guía

Miguel Santiago school
residence

Unfortunately, the information of the evacuation times was not registered. To test the
performance of the EMS in terms of simulation times, the four use cases belonging to the
Gran Canaria case study were used. The number of routes, assembly points, shelters,
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number of evacuees and the number of interactions between road sections vary, allowing
the identification of the critical variables that affect the performance of the system.
4.2. Results
All of the requirements tested were satisfactorily verified. Firstly, the third requirement was achieved as the EMS was able to simultaneously manage the evacuation of the
13 reported urban areas (Figures 6 and 7). Similarly, in the second requirement, the shelters and meeting points complied with the requirements proposed in the conceptual
model, although they differed slightly from the reality of the use case that was used due
to the random nature of the calculations, and an example of a particular urban area is
shown in Figure 7. This is because the expert judgement or field decisions made by first
responders may be influenced by additional information beyond the suitability of the
shelter or its location.

Figure 7. Gran Canaria wildfire use case evacuations. Evacuation areas are presented in blue
where red and green dots represent the assembly points and shelters respectively. The yellow
lines represent the selected evacuation route.

The verification of the first requirement was completely satisfactory as it was able to
calculate the independent evacuation routes, avoiding damaged assets and impassable
burned areas for each of the cases where it was applied; see Figure 7. Finally, the correct
estimation of the evacuation times for both pedestrian and vehicular evacuation was also
verified with satisfactory results, representing the behaviours captured in the previously
detailed models; see Figure 8. These curves show that at the beginning of all the evacuations there is a pre-evacuation period where the evacuees are carrying out actions of decision, packing or family grouping. These behaviours do not disagree with similar studies
[36]. The curves also represent that a large number of evacuees are continuously arriving,
indicating a possible mass departure or traffic jams, and that only a few reach the last one,
represented by the last flat parts of the curve.
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Artenara (10/08)
Santa María de Guía (17/08)

Artenara (11/08)
Agaete (18/08)

1000

Evacuees

800
600
400
200
0
0

5,000

10,000

15,000

20,000

25,000

30,000

35,000

Time (s)
Figure 8. Simulation of evacuation processes for the four use cases. Each curve represents the total
arrival time to the shelters of the different evacuees considering their entire evacuation process (premovement, pedestrian and vehicular movement times).

Furthermore, as can be seen in Table 3, the performance results reveal certain guidelines to be considered when using the system. The main one is that it must be understood
that the most important effect on the simulation time is exhibited by the number of evacuees to be simulated and the number of interactions between road sections within the
stochastic process, which, as can be seen in the results, have a linear influence. The results
also reveal that the number of routes does not have a significant influence on the simulation times, and it can only be seen that the greater the number of routes per assembly
point, the more evacuees that are distributed along the different routes, and the more the
simulation time decreases. The main reason for the notable increase in simulation times is
due to the fact that the vehicular model is critical, which, being agent-based, is completely
dependent on the number of interactions between agents on the same road section, and
as the number of agents and interactions increases, the number of calculations to solve
their interactions increases, so simulation times are longer. It should be clarified with regard to the “Agaete” performance results shown in Table 3 that the simulation time is so
short because more than half of the evacuees in this evacuation came from “El Risco” with
a direct route to the shelter, so there would be no interaction between routes, significantly
reducing the number of agents interacting on the remaining routes.
Table 3. System performance analysis running on an eight-core laptop.

Evacuation
Artenara
10/08
Artenara
11/08
Santa María de Guia
17/08
Agaete
18/08

Evacuees

Routes/Interaction Road
Sections

Simulation Time

800

6/14

2 min, 51 s

245

8/21

3 min, 51 s

100

2/4

0 min, 4 s

1000

4/11

0 min, 9 s
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5. Discussion & Conclusions
Almost all regions, local governments, first responders and international organisations are prepared for the most common disasters through emergency response, response
and resilience plans. In designing these plans, there are a multitude of tools and expert
studies that allow the deployment of both temporary and permanent shelters, assembly
points and evacuation and intervention strategies [37]. However, the problem arises when
the disaster occurs, and the planning phase transitions to the response phase. At that
point, the initial static plans are used as far as the actual situation allows, and that is where
the intuition and experience of the first responders comes into play. Therefore, it is crucial
that real-time decision-support systems can assist in these decisions, reducing workloads
and stressful situations. However, these decision-support systems require a trade-off between performance and simulation times in the event of a disaster [38].
Hence, in this paper an Evacuation Management System was presented and tested
with a use case. Related to this purpose, the exploration and understanding of major disasters was carried out to develop models according to the evolution of the disasters. The
proposed system integrates different traditional, well-known models to address a full
evacuation strategy based on a mixed evacuation approach, thereby reducing the computational load by applying a stochastic methodology that is able to operate in real time. The
system was applied to a particular case study (Gran Canaria wildfire) involving multiple
simultaneous evacuations and a main damaged area. This case study was used to verify
the proper operation of the system, testing all the individual models.
The presented system is significant in at least three major respects. First, the system
is supported by ultrafast evacuation calculations and real-time decision support to provide optimal evacuation strategies, in contrast to the models designed for planning [17,39]
that require a greater computational load. Second, the system allows comprehensive planning of mass evacuations, including evacuation routes that avoid damaged assets, optimal
locations of shelters and assembly points, and relevant decision-making information related to intervention times. This approach departs from the traditional thought where pedestrian evacuation, sheltering strategies or vehicle modelling of unusual or critical situations is analysed in isolation [40]. Third, the underlying models that are used by the system were validated both within this development through the use case and previously by
other studies as seen in the introduction, thus giving an acceptable credibility to the results
provided by the tool.
Nevertheless, readers should keep in mind the practical limitations of the proposed
system. This system is limited by the selected evacuation strategy, as the hypothesis does
not allow the provision of only vehicular or pedestrian evacuations. This system also has
purely technical limitations as it relies on external services that maintain updated information to a greater or lesser extent (e.g., road status information, mapping, or Pois definition), which has a direct impact on the models. This impact can be seen, for example, in
the suggestion of shelter locations where outdated data may mean that a facility may not
be eligible for sheltering purposes because it is damaged or does not fulfil the appropriate
requirements. This is why this tool is considered a decision-support system and always
requires an operator to ultimately make sense of and accept the proposed results based
on different sources of information [38].
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