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ABSTRACT
This paper presents the development of a novel framework that optimizes the evacuation of large cities
using multiple modes including vehicular traffic, rapid transit, and mass transit shuttle buses. A largescale evacuation model is developed for the evacuation of the City of Toronto in cases of emergency. A
demand estimation model is first designed to accurately quantify the evacuation demand by mode (drivers
vs. transit users), over time of the day when the crisis begins and over space (location). The output of the
demand estimation model is then fed into two optimization platforms: (1) an Optimal Spatio-Temporal
Evacuation (OSTE) model that synergizes evacuation scheduling, route choice, and destination choice for
vehicular traffic and (2) a model based on a new variant of the Vehicle Routing Problem (VRP) to
optimize the routing and scheduling of mass transit vehicles. The study concluded that OSTE can clear
the City of Toronto four times faster than the do-nothing strategy. The OSTE average automobile
evacuation time for the 1.21 million people using their cars is close to 2 hours. The optimization of the
routing and scheduling of the readily available Toronto Transit Commission (TTC) fleet (4 Rapid Transit
lines and 1320 transit buses used as shuttles) can efficiently evacuate the transit-dependent population
(1.34 million) within 2 hours.
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INTRODUCTION

Planning for emergency evacuation in densely populated cities is challenging. The core objective is to
move people from potential hazard zones to safe destinations in the quickest and most efficient way.
Given the drastic consequences of large-scale emergencies, proper development of emergency evacuation
plans is paramount. Also, given the typical diverse demographic characteristics of most communities, an
efficient evacuation strategy should integrate multiple modes to particularly aid transit-dependent people
who have no access to automobiles at the time of evacuation or at all.
Numerous notable emergency evacuation planning models have been developed over the past few
decades. They propose and investigate the effect of one or more strategies that have the potential to
improve the performance of the evacuation process. Approaches in the literature use various modeling
and optimization techniques. However, most of these studies are typically focused on automobile-based
evacuation using a certain strategy (e.g. evacuation scheduling) without considering other modes of
transportation or attempting to simultaneously synergize several other possible strategies such as
destination choice optimization, route selection optimization, etc. In addition, the absence of accurate
representation of the spatio-temporal distribution of the population makes estimating evacuation demand
difficult and hence renders the interpretation and the conclusions of the methods themselves questionable.
Furthermore, the lack of quantifying mode-specific populations (e.g. transit-dependent) magnifies the
vulnerability of those people to threats in cases of large-scale emergencies, a major drawback of existing
planning models.
In this paper we present the development of large-scale multimodal evacuation planning model. We test
the model using the evacuation of the entire City of Toronto under hypothetical large-scale emergencies
as a case study. Of particular emphasis in this study are: 1) optimization of multimodal evacuation using
global and efficient optimization techniques while assessing multiple objective functions 2) accurate
estimation of the spatial and temporal distribution of the population by mode of travel to better estimate
evacuation demand.
The remainder of this paper is structured in three main parts. The first part discusses the relevant
literature, background and the motivation of this research. In the second part the details of the multimodal
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evacuation optimization model are presented. In the third part, the framework is applied to the evacuation
of the City of Toronto. Finally, a discussion and analysis of the results is presented alongside with the
major findings of this research effort.
2

LITERATURE REVIEW

Transportation networks in urban areas evolve over long time spans. The transportation infrastructure is
typically designed to cope with recurrent daily traffic and is not designed to cope with unexpected
menaces that may cause sudden surges in travel patterns. Due to the frequent occurrence of natural and
man-made disasters, the performance of the transportation infrastructure under such extreme events
received significant attention over the past decade. Typically, major cities and urban centers are congested
and operating at or near capacity; therefore network performance can severely deteriorate if drastic
changes in Origin-Destination (O-D) demand patterns and/or significant loss of capacity occur during or
after a disaster (Tuydes and Ziliaskopoulos, 2004). In case of a disaster or hazardous event, the ultimate
goal is to optimize the utilization of the existing infrastructure through traffic management centers and a
myriad of emergency response resources. Emergency operation centres face multi-faceted challenges to
anticipate traffic flows under emergencies, to provide proactive actions to coordinate the efforts of
relevant stakeholder, and to guide the public safety (Chiu et al., 2006).
Designing a transportation network for extreme rare events and related demand patterns is indeed
financially infeasible. A better alternative is to utilize the available capacity and resources more
efficiently (Theodoulou and Wolshon, 2004; Wolshon et al., 2005; Dixit and Radwan, 2009). Numerous
studies examined several evacuation management strategies that could potentially expedite the evacuation
process. The following sections summarize the most relevant strategies in the planning for emergency
evacuation.
2.1

Evacuation Scheduling

Scheduled evacuation is a widely used control strategy to guide evacuation flows. Evacuation scheduling
aims to better distribute the evacuation demand over the evacuation horizon. In simultaneous evacuation,
evacuees are advised to evacuate immediately to their destinations; whereas in staged evacuation,
evacuees are advised when to evacuate so as to minimize the network clearance time (Sbayti and
Mahmassani, 2006). It has been proven that controlling the release of evacuees to the network can
expedite the evacuation process (Abdelgawad and Abdulhai, 2009). However, effective approaches to
obtaining such starting times during a staged evacuation have not been adequately addressed in the
literature. Investigating the effectiveness of staging evacuation, Chen and Zhan (2006) concluded that
staging the evacuation is essential in communities where the street networks have a “Manhattan structure”
and the population density is high. Mitchell and Radwan (2006) proposed a heuristic prioritization of
emergency evacuation to study the effect of some zonal parameters (population density, road exit
locations/capacity, and major evacuation routes) that might affect the staging decision. Chiu et al. (2006)
applied a system optimal dynamic traffic CTM (Cell Transmission Model) to a simple evacuation event to
solve the evacuation destination-route-flow-staging problem for non-notice emergency events. Although
the demand scheduling problem incorporates many pressing issues such as how and what to optimize,
how to perform dynamic traffic assignment, and how, when and what to advise evacuees, little research
has been conducted to simultaneously combine and analyze these issues. The investigations by Sbayti and
Mahmassani (2006) and Abdelgawad and Abdulhai (2009) are steps in this direction.
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2.2

Destination Choice

In typical evacuation planning models, evacuees are assigned to pre-determined destinations that are
based primarily on the geographical context and their daily activities. However, this may result in suboptimal solution due to congestion, road blockage, chaos, incidents, hazards associated with the
emergency situation, and limited destination/shelter capacity. One promising concept is to relax the
constraint of assigning evacuees to pre-fixed destinations. In other words, instead of assigning the demand
to pre-fixed destinations, evacuees are directed to the nearest safe destination outside of the impacted
area. This can be achieved, from a modeling perspective, by directing evacuees to one amalgamated
dummy destination beyond the existing destinations and let the optimization approach find the shorted
route to this dummy destination. Chiu et al. (2006) and Yuan et al. (2006) proposed the One-Destination
evacuation model in which the traditional road network with m origins to n destinations has been
modified to a network with m origins to one destination. Yuan et al. (2006) reported that a reduction of
approx. 60 % in the overall evacuation time can be achieved in their regional evacuation case study of a
nuclear power plant mishap, and a reduction of 80% in the overall evacuation time when modeling traffic
routing and en route information accompanied by the one destination framework.
2.3

Traffic Routing and Control Strategies

Traffic routing, as one of the main control efforts, aims to identify the best set of routing decisions so as
to fully utilize the available capacity of an evacuation network. User equilibrium (UE) conditions mean
that drivers follow time-dependent least travel time paths, while system optimum (SO) conditions result
from drivers following time-dependent least marginal travel time paths. Simulation-based approaches are
used to perform UE, SO, or multiple user classes assignment, though the equilibrium conditions are only
heuristically approximated (Peeta and Ziliaskopoulos, 2001).
From this perspective, there are two schools of thought in DTA during evacuation. One group argues that
in emergency evacuations, the major concern of planners is the overall system performance; therefore, it
is more plausible to use system-optimal traffic assignment. Among these studies is the work proposed by
Sbayti and Mahmassani (2006) on evacuation scheduling and by Han and Yuan (2005) who proposed a
one destination approach for emergency evacuation assignment using SO DTA. Conversely, the other
group argues that reaching SO in actual evacuation operations is neither practical nor equitable. Travellers
act individually and selfishly to minimize their own travel times (Brown et al., 2009). During emergency
situations it is expected that selfish behaviour will increase among evacuees and lead towards useroptimal decisions, a concern that motivated the work conducted by Chiu and Mirchandani (2008) on
dynamic traffic management for evacuation. They quantified the system performance in case of
emergency evacuation. The study compared the results from the route choice decisions made by evacuees
and the SO real-time pre-trip route guidance scheme and based on a feedback from observed traffic; a
controller was designed to influence the system performance towards an optimum level. The results
showed degradation in the system performance, which was postulated to occur due to evacuees deviation
from optimal paths.
3

MOTIVATION

Despite the numerous approaches (e.g. evacuation scheduling, destination choice, route choice, etc) that
have significantly contributed to expediting the evacuation process, an integrated optimal evacuation plan
is still lacking. More effort is needed to synergistically combine all or some of these promising strategies
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to further improve the efficiency of the evacuation process. Traffic route guidance, evacuation staging and
destination optimization can be combined into a single comprehensive solution.
Also, an accurate description of the spatial distribution of population, by time of day and mode of travel is
essential to realistically address major population evacuation. Unlike day-to-day travel patterns, planning
for emergency evacuation has unique demand distribution that should be carefully examined to produce
accurate evacuation performance measures (Murray-Tuite and Mahmassani, 2003; Wilmot and Mei,
2004)
Furthermore, automobile evacuation has received the most attention; consequently multimodal evacuation
is still largely missing in most emergency evacuation studies (TRB, 2008). A significant portion of the
population in cities like Toronto use public transit particularly within, towards, and out of the downtown
core. This portion of the population does not have access to automobiles during the day or at all. Utilizing
the readily available transit capacity is therefore essential to not only serve the transit captives but to also
improve the evacuation process and reduce network clearance time by moving people in masses. For
example, a single bus-only highway lane can carry up to six times the passengers as that of a passenger
car-only highway lane (Litman, 2006). In addition, standard buses, LRT, and Rapid Transit (subway or
metro) can carry up to 5400, 28,800, and 72,000 passengers/hour respectively (Vuchic, 2005). Therefore,
transit services afford huge capacity that can significantly reduce the clearance time in cases of
evacuation. New schedules and routes need to be optimized however in the case of emergency
evacuation.
In summary, the following elements are found essential to realistically plan for emergency evacuation:
-

Accurate assessment and representation of the transportation infrastructure, most notably the
roadway and the public transit networks (transportation supply).
Accurate estimation of the spatial and temporal distribution of population (transportation demand).
Accurate identification of available modes and captive population to certain modes.
Integrated framework that accounts for various evacuation strategies such as evacuation scheduling,
route choice, and destination choice.
Multimodal evacuation strategies that synergize the effect of multiple modes.
Accounting for background traffic or noncompliant evacuees (the percentage of travelers not
following the evacuation plan).
Robust and extensible optimization and solution algorithms that can tackle such multi-dimensional
non deterministic problem.

While the aforementioned elements constitute separate modeling, analysis, optimization and operational
tasks, they are closely interrelated. Each is indispensable for the design and implementation of an
effective emergency evacuation plan. This study is geared to amalgamate all these elements in one
framework that is designed to plan for realistic large-scale multimodal emergency evacuations. The
following section details the approaches to model and solve such complex and multi-dimensional
problem.
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4.1

FRAMEWORK FOR OPTIMIZING MULTIMODAL EVACUATION
Optimal Spatio-Temporal Evacuation Model

Optimal Spatio-Temporal Evacuation (OSTE) can be achieved through optimizing the evacuation
scheduling problem and the destination choice problem simultaneously (Abdelgawad and Abdulhai,
2009). The concept of integrating evacuation scheduling and destination choice aims to spread the
evacuation demand over time and space respectively in an optimal manner, i.e. optimize the spatiotemporal demand pattern. While condensing demand release in time and space causes gridlock, spreading
demand over too long time period unnecessarily extends the evacuation process which defies the purpose
of expedient evacuation. Not only representing the temporal patterns of mobilization and evacuation, i.e.
the mobilization/loading curve, L(t) and evacuation curve, E(t) is paramount to this study, but also
capturing the dynamic interaction between both curves. Therefore, an optimal spatio-temporal plan is
sought. The output of the OSTE model is information and guidance for evacuees regarding when to
evacuate (schedule) and where to go (destination choice) and how to get there (route choice).
The OSTE platform is built on the interaction between Dynamic Traffic Assignment (DTA) and
Evolutionary Algorithms (EA). The decision variables are the staging percentage vector μ
…,μ ,…
with a modified super-destination network representation to achieve optimal destination choice as a by
product of the DTA process. In this research, the problem is formulated as a multi-objective optimization
problem in which both the waiting time before entering the network and travel time within the network
are simultaneously minimized. This dual objective is different from the typical minimization of vehicle
travel time or maximizing the number of evacuees reaching safe destination within a preset evacuation
time horizon as in Abdelgawad and Abdulhai (2009). The formulation of the OSTE problem is presented
in Table 1.
OSTE utilizes Genetic Algorithms (GA) as the core optimization method. GA overcome many of the
problems coupled with the traditional deterministic optimization methods (Bethke, 1976; Kruchten et al.,
2004); they start the search from a population of initial solutions, and not from a single point; therefore,
the odds of finding the global optima without entrapping in local minima are higher than in most
conventional approaches; and they do not require differentiation of the objective function. Moreover, GA
are inherently parallelizable, allowing the power of several computers or CPUs to be harnessed and the
future use of High Performance Computing (HPC) clusters. OSTE uses and expands on GENOTRANS
(Generic Parallel Genetic Algorithms Framework for Optimizing Intelligent Transportation Systems)
developed at the University of Toronto (Mohamed, 2007). GENOTRANS is a GA platform in which the
objective function is evaluated and constraints are satisfied through a simulation model. The simulation
model replicates the transportation network and performs DTA. Vehicles are loaded onto the network
according to a temporal profile set by the GA, and navigate through the network towards their
destination(s). A one-shot traffic assignment has been utilized through the simulation model in which path
travel times are regularly updated and then assigned to en-route vehicles or newly generated vehicles at
the start of their trip. The details of the parallel distributed GA approach utilized in OSTE are reported in
Abdelgawad and Abdulhai (2009).
4.2

Optimal Routing and Scheduling of Mass Transit Vehicles

The aim of this platform is to model and solve the mass transit evacuation problem with multi-objective
optimization and constraints techniques. It demonstrates how mass transit systems can be utilized to
evacuate transit-dependent population in no-notice evacuation events - an attempt to fill the gap in the
6

state-of-the-art of multimodal evacuation. The problem is formulated as a variant of the VRP to include
(i) Multiple Depots (MD) to account for the dispersed presence of transit vehicles and to account for the
availability of different types of buses at different depots such as municipal transit bus depots, commuter
bus depot, school buses etc., (ii) Time Constraints (TC) to ensure optimal use of the transit vehicles
within the evacuation time window, and (iii) Multiple pick-up and Delivery (PD) locations for evacuees to
allow for picking up evacuees from dispersed stops to avoid excessive walk distances. The MDTCPDVRP is formulated in
Table 2 with additional supply, demand, and time constraints to better represent the evacuation situation.
Abdelgawad et al. (2010) describes the details of the solution algorithm for the mass transit evacuation
problem, defined as MDTCPD-VRP and how it is applied to minimizing transit time in a smaller
network.
Modeling the VRP objective and its cost vary depending on the nature of the problem. In the literature,
there has been no unique objective function; each application has its sole cost function that satisfies a
problem specific objective. In this study we extend the scope of the problem to minimize the (1) invehicle travel time and (2) the waiting time for evacuees. Minimizing transit time only may cause
excessive wait times before evacuees are picked up and hence the importance of explicitly minimizing the
wait time together with the transit travel time.
The model utilizes constraint programming (CP) and neighborhood search techniques to simultaneously
solve a constraint satisfaction problem (CSP) and an optimization problem. CP appears to be a good
approach for tackling real-world problems because of its ability to effectively address user-defined
constraints. Neighborhood search techniques are utilized to explore better solutions in the vicinity of the
initial solution that satisfies the constraints (Shaw et al., 2002). Integrating constraint programming and
local search techniques synergizes their potential benefits to explore more challenging real-world VRPs
such as the case of emergency evacuation. Solving the routing and scheduling problem consists of finding
a value for each decision variable while simultaneously satisfying the constraints and optimizing the
objective function. In this study, search strategies and constraint propagation are the two techniques
employed to solve the problem. The search strategy comprises two steps. First an initial solution is found
using route construction techniques. A known routing heuristic, the insertion algorithm (Jaw et al., 1986)
is used to provide an initial solution. Once an initial solution is obtained, the second step is to apply a
local search procedure to improve the obtained solution by introducing small changes (called
neighborhoods) to the current solution (Braysy and Gendreau, 2005). The new solution is tested again for
constraint feasibility using constraint propagation during search, and its cost is computed. If the new
solution is feasible and has reduced the cost, it is accepted as the new solution; otherwise, the algorithm
back-tracks along the search tree and tries a different value for the variables. ILOG Dispatcher and Solver
are used to model and solve the problem simultaneously in this implementation (ILOG, 2008) .
4.3

Demand Estimation by Mode

The objective of the demand estimation phase of this research is to quantify where people are at the time
crisis hits and what mode they used (auto driver, auto passenger, transit user etc). This determines the
auto and non-auto evacuation demands which are the inputs to the OSTE and the VRP modules,
respectively. The process described below can be conducted for any time of the day. In this research we
use the peak evacuation demand as a worst case scenario (refer to section 5.2).
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4.3.1

Data Source: The Transportation Tomorrow Survey (TTS)

The Transportation Tomorrow Survey (TTS) is the largest and most comprehensive travel survey in
Canada and is conducted once every five years. The TTS covers 5% of all households in the Greater
Toronto Area (GTA) and surrounding areas, selected at random. Data reported by the TTS include two
sets of data: demographic characteristics such as age, gender, household size, dwelling type, etc.; and
travel patterns such as trip purpose, time of the day, mode of travel, etc. (DMG, 2003). The data used in
this application is based on the TTS records for year 2001. The 2006 survey data were still undergoing
final refinements at the time of conducting this research and hence were not used. The demand estimation
model includes the entire GTA which is divided into five regions; namely, Toronto, Durham, York, Peel,
Halton and Hamilton.
4.3.2

Model Estimation

The detailed records of each person in each household are tracked during the course of a 24 hour period
(DMG, 2003). The following attributes are used to construct a query to extract the demand data each half
hour during the entire day: Household sample number, Person number within household, Start time of trip
(24 hour clock: 400-2800), Primary mode of trip1, GTA zone of trip destination, and GTA zone of
household.
The estimation process includes the following steps for each time interval:
-

Group people according to the start time of their trip.
Identify people who drive and identify their home location (zone). This results in an OD matrix in
which origins are the current location of people who drive and their default destinations is case of
evacuation are their homes (unless another safe destination is suggested by the destination choice
module).
- Identify people who do not drive and identify their home location (zone). This results in an OD
matrix in which origins are the current locations of non-automobile people and their default
destinations in the cases of evacuation are their homes.
- Identify people who returned home.
- Identify people who have not yet made a trip.
- Identify people who are at their homes by combining the previous two steps.
The output of the demand estimation process are the spatial and temporal characteristics of the trips that
are made by each of the three classes of people (travelers using automobiles, travelers using other modes,
and travelers who are still at home or returned home). For those who are traveling when the crisis hits,
their home locations are known and assumed to be their default destinations in the absence of a better
destination choice. Ultimately, this method accurately identifies where people are located by time of day
and by mode of travel.

1

In this application, modes are categorized to Drive (auto driver) and NonDrive modes (auto passenger, local transit,
GO train, walk & Cycle, other).
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4.4

The Overall Framework: Putting the Pieces Together

The overall system attempts to optimize the use of multiple modes during emergency evacuation. Figure 1
illustrates the steps toward achieving this goal by utilizing both OSTE and MDTCPD-VRP in one
platform. We start by estimating the evacuation demand using a regional demand survey (e.g. TTS) and a
representation for the traffic analysis zones. The output of which is an accurate representation of the
spatial and temporal distribution of population and their modes of travel. We then generate OSTE plans
for the vehicular demand using genetic algorithms as a global optimization technique and a dynamic
traffic assignment tool. OSTE also produces link travel times that are used as input for the optimal routing
and scheduling of transit vehicles. The routing and scheduling problem of transit vehicles is then solved
using constraint programming. The automobile OSTE plan and the transit optimal routing and scheduling
plan are finally combined for dissemination to evacuees. It is to be noted that currently we do not loop
back from the transit assignment component to the traffic assignment component, a potentially worthy
step that we defer to future research. However, while extracting the travel times from the DTA model to
form the input to the MDTCPD-VRP, the most congested travel times are used as a worst case for buses
while travelling through the network, i.e. if the process errs it does that on the conservative side. The next
section describes a large-scale implementation of the proposed approach to evacuate the entire City of
Toronto, Canada.
5

LARGE SCALE APPLICATION: EVACUATION OF THE CITY OF TORONTO

Our ultimate goal is to produce a system for emergency evacuation planning and optimization that is
applicable to large cities. In this section we demonstrate the application of the integrated OSTE, Transit
Routing and Scheduling, and Demand Estimation models to optimally evacuate the entire city of Toronto
in cases of emergency. The City of Toronto is a typical example of fairly large North American cities
with a population of 2.37 million. The City of Toronto is located in the center of the Greater Toronto Area
(GTA). It is the oldest, densest, and most diverse area in the region.
5.1
5.1.1

Supply Modeling
The Network Simulation Model

In this work, the GTA and City of Toronto road networks are developed in DynusT© (Dynamic Urban
System in Transportation), a mesoscopic DTA model that is well suited for dynamic traffic simulation
and assignment on a regional scale. The following tasks were carried out to develop the simulation model:
1. Data were obtained from the EMME/2 planning model that is maintained by the Data Management
Group (DMG) at the University of Toronto.
2. Traffic Analysis Zones (TAZs) are created using the information available from ArcMap©. The
vertices of each zone in the GTA are exported from the TAZ layer (see Figure 2).
3. Unlike the centroid-connector method of generating traffic in planning models, existing roads (links)
have to be defined. Based on the author’s knowledge and familiarity with the network and using
available data, generation links are created to release traffic from parking lots, parking garages,
residential areas, etc. Special attention is given to model generation links at intersections to avoid
unrealistic congestion at the beginning of the generation links.
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4. The freeway system across the GTA is carefully modeled so as not to include any generation links or
destination nodes. On and off ramps link categories are created to realistically model the movements
at the entrances and exits of the freeways.
5. Traffic signals in the model are designed as fully actuated to automatically handle the anticipated
traffic fluctuations in case of emergency evacuation. In reality, approximately 25% of traffic light in
Toronto use adaptive control (SCOOT). The rest are either actuated or pretimed. The pretimed signals
would require evacuation-specific timing plans in reality, which was approximated by fully actuated
operation in the model.
Since the evacuation area includes the entire City of Toronto the simulation model covered the whole
GTA at the centre of which is the City of Toronto (see Figure 2). The GTA and the City of Toronto
simulation models are illustrated in Figure 3 and the models characteristics are attached to the figure.
5.1.2

Transit Infrastructure: The Toronto Transit Commission (TTC) Fleet

The TTC fleet consists of bus, light rail transit (streetcar), and rapid rail transit services. The fleet includes
about 1500 vehicles (1320 buses plus 180 streetcars) during the peak AM period. The Rapid Transit
service includes 4 subway lines (Bloor-Danforth, Yonge-University-Spadina, Sheppard and Scarborough
RT) which cover a large area of the City of Toronto. The location of subway stops are extracted from the
transportation network and placed on the subway lines as illustrated in Figure 4 (TTC, 2001). Subway
lines are coded as double track lines in which each station is represented by two platforms; one for each
direction. Also additional constraints are added to model FIFO operation of subway trains while departing
and arriving at subway stations. We assume that, in cases of emergency, the entire bus fleet will be
available for our system to reschedule and reroute based on the needs of the evacuation process. Regular
transit services will no longer be in effect. Streetcars are not used in this application.
5.2

Evacuation Demand Estimation

The output of the demand estimation method described in section 4.3 is illustrated in Figure 5 where the
temporal distribution for the total number of people in the City of Toronto is plotted for a 24 hour clock
(400-2800) that starts at 4 AM on the trip day to 4 AM the next day. As shown in the figure, three groups
of people are considered: people who commute with the Drive mode (Not-At-Home drivers), people who
commute with the NonDrive mode (Not-At-Home non-Drive), and people Resident at home (At-Home
evacuees). The plots show the people by mode within the geographical bounds of the City of Toronto at
any instant in time. In total, the number of people in Toronto peaks at 108% of the City’s population
(residents at 4:00 AM). This increase is attributed to the high concentration of economic activities in the
City of Toronto and particularly the business and financial district. It is also interesting to show a wide
peak activity period that starts from 7:00 AM in the morning and ends at 6:00 PM in the afternoon. The
peak demand is found to be 2.56 M people and occurs at the 11:30 AM- Noon interval, which constitutes
the worst case scenario for evacuating the City of Toronto. It is assumed that evacuees will start the
evacuation at the time of order (noon time).
In the case of evacuation, it may be harder to persuade drivers to abandon their cars and take any other
mode. Also transit users and non-drivers are captive to transit modes because their choices are limited.
Therefore, it seems practical to assume that evacuees will use the same mode of transport when
commuting to the City of Toronto, i.e. the Not-At-Home drivers will evacuate using their cars and the
Not-At-Home non-Drive users will evacuate using transit modes. Available transit modes in this
10

implementation include the Rapid Transit system (Subway Lines) and surface street buses used as
shuttles. For At-Home evacuees, trips are assigned to modes based on the mode split reported by the TTS
for trips made by residents of the City of Toronto (DMG, 2003). The overall results are 1,216,886
evacuation trips by automobile and 1,344,942 evacuation trips by transit. The automobile trips form the
input origin-destination matrix to the simulation-based DTA model; while the transit trips are distributed
between buses and subway as described next.
5.2.1

Subway Demand

An access distance buffer zone (1000 m) is defined around subway lines and evacuees within the
accessible buffer zone are assumed to be carried by subway to safe destinations. The spatial distribution
of evacuees within each TAZ is important when estimating the demand within the buffer zone. In this
study, we assumed uniform distribution of evacuees within each TAZ for lack of better information. Safe
destinations for subway travelers are subway terminals (e.g. Kipling, Finch Subway stations). The
demand from the buffer zones of the subway system is estimated to be 615,434 evacuees which is a large
portion of the transit-dependent population (54%). This not surprising given the nature of the City of
Toronto and the high density and transit-orientated development throughout the city, especially along the
Yonge-Spadina Subway line (Miller and Shalaby, 2003). Evacuees are then spatially assigned to the
nearest subway station. Figure 6 shows the distribution of evacuees at each subway station. The average
walking distance to the closest station is found to be 460 m.
5.2.2

Shuttle Buses Demand

Major bus stops are extracted from the EMME/2 planning model and the TTC bus routes are provided by
the University of Toronto Map Library2. Then evacuees are spatially assigned to the nearest bus stop,
which resulted in average walking distance to the nearest bus stop of 332 m. The demand distribution at
each bus stop is shown in Figure 7.
5.3

Representation of Noncompliant Traffic

In notice emergency evacuation in general such as hurricane evacuations, a considerable percentage of
evacuees seek out their homes and relatives first (Wilmot and Mei, 2004). In our implementation,
evacuees are advised to destine to the optimal shelter and are assumed to start the evacuation at the time
of order. However, deviation from the evacuation “plan” is unavoidable. Therefore, a certain percentage
of evacuees are assumed not to comply (Noncompliant Evacuees) with the optimal plan and seek their
home. The percentage of noncompliant evacuees is treated as a sensitivity parameter, i.e. exogenously
supplied by the modeler. We do not attempt at this stage of our research to estimate this percentage on the
basis of evacuees’ behavior, which is beyond our scope. During the demand estimation process, some of
the evacuees who are not at home are directed towards their homes based on the specified percentage, i.e.
two components form the total demand in the evacuation planning model: 1) the compliant evacuation
demand (superzone demand), and 2) noncompliant demand, as follows:
Total Demand (D) = Evacuation Demand (super-zone demand) + Noncompliant Demand

2

The University of Toronto Map Library (online source, www.main.library.utoronto.ca)
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To the best of the author’s knowledge and based on the literature, evacuee compliance to guidance is
rarely modeled or reported. Although it is challenging to model evacuee behavior, stated-preference
surveys and post-analysis surveys of certain evacuation scenarios may be plausible avenues for modeling
such behavior. In the absence of past evacuation surveys in Ontario and Toronto, we assumed that 25% of
evacuees will not comply with the provided guidance and will seek their homes first. To represent
noncompliant demand, a user equilibrium traffic assignment is executed at the GTA level, in which the
origins are the locations of people at the onset of evacuation and the destinations are their homes. Then an
analysis is made to capture these trips at the gateways of City of Toronto. The output is an origindestination matrix that identifies the demand pattern of people who may return to their homes instead of
going to the advised destination according to the optimized evacuation plan. Finally, a certain percentage
of this demand is assumed not to comply with the plan while the destination of the rest of the population
is optimized.
6
6.1

RESULTS AND ANALYSIS
OSTE: Genetic Optimization Process

The output of the genetic-based optimization process is a scheduling vector (  ) that minimizes total
system evacuation time (travel time and waiting time) with a modified network representation to model
the destination choice problem. The OSTE framework, integrated with GENOTRANS, outputs the
optimized scheduling vector and the detailed routing plan for the evacuation scenario.
The design of a GA for a particular application involves the choice of methods and parameters for the
population size, initial population, selection, crossover, mutation, convergence and stopping criterion.
Significant testing is undertaken to find a combination of parameters to refine the choice of the GA
settings. Table 3 shows the GA methods and the parameters values chosen based on these tests.
The objective function (fitness function) values for various scheduling vectors and destination choices are
reported. Conceptually, the fitness value in this application is a function of the scheduling vector and the
destination choice; however, there is no closed-form equation that can represents this relationship. The
optimization-by-simulation approach applied in this implementation enables such a relationship to be
studied and optimized. Since it is a multi-dimensional genetic optimization problem, it is possible to
obtain (in the final set of scheduling vectors) several chromosomes (solutions) that possess similar fitness
function values. Once the optimization process is terminated, the optimal set of parameters is the one (or
one of those) with the least (in case of minimization problems) fitness function value. Figure 8 illustrates
the evolution of the minimum fitness function value with the number of generation across multiple demes.
6.2

OSTE: Traffic Assignment Outputs

The output of the genetic optimization process (the optimal scheduling vector) is evaluated using the
traffic assignment model. The mesoscopic representation of the traffic simulation model provide
sufficient details for the analysis of departure time, destination choice (shelters), and routing plan for each
vehicle. An important factor in planning for emergency evacuations is the status of evacuees in/out of the
network with the evolution of the evacuation plan. In this implementation, a special attention is paid to
studying the dynamic interaction between the loading and evacuation curves and the area between them.
Three scenarios are evaluated: OSTE (optimal spatio-temporal evacuation), OTE (optimal temporal
evacuation), and SE (simultaneous evacuation). Each scenario examines certain level of integration for
different evacuation strategies. While OSTE integrates evacuation scheduling and destination choice
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optimization, OTE examines the effectiveness of evacuation scheduling only; SE, on the other hand
presents the do-nothing scenario where evacuees are rushed to the transportation network without any
pre-announced schedule. In fact, the SE evacuation scenario is evaluated twice; once with destination
choice optimization (SE-DC) and a second time without destination choice optimization (SE). The latter
replicates the worst case scenario where evacuees immediately seek their preferred destination which is
not necessarily the optimal one.
The optimal loading and evacuation curves are shown for the four scenarios (OSTE, OTE, SE, and SEDC) in Figure 9. The following measures of effectiveness are reported to judge the efficiency of the
evacuation strategies when compared to the baseline scenario: average waiting time, average travel time,
average total system evacuation time, average trip distance, network clearance time, and average stop
time.
It is clearly shown in Table 4 and Figure 9 that the SE strategy performs the worst since it results in the
longest network clearance time (NCT, end of evacuation curve), and the most congested travel times (area
between the loading and evacuation curves). This is not surprising given the surge in demand in
emergency evacuation. SE-DC can reduce in-vehicle travel time but not to the level that any scheduling
strategy can achieve, i.e, OTE and OSTE always result in less in-vehicle travel times compared to SE and
SE-DC. Average stop time (time when vehicles are caught in congestion) is the longest in the case of SE
and SE-DC. In terms of NCT, OSTE performs the best; however, SE-DC performs slightly better than
OTE; as OTE explores the optimal scheduling curve so as to minimize the total system evacuation time,
this typically results in evacuees being held back from being rushed to the transportation network (in this
case by up to 82 min). Also SE-DC cuts down travel distances significantly by selecting more accessible
destinations. On the other hand, it should be noted that network stability is another performance factor to
consider. SE and SE-DC may result in a network (infrastructure) that has no further room for manoeuvre
and could come into gridlock in the case of further panic and/or secondary events (i.e. possibly less
stable). Stability however is not explicitly tested in this research. We hypothesize this conclusion based
on the observation that SE and SE-DC have the longest stop time, i.e. traffic is more often in a stop-andgo condition.
It is clear that OSTE outperforms all other strategies since it synergizes the scheduling and destination
choice in a one shot optimization. The improvements are clear especially in terms of NCT and average
stop time. This reflects the essence of a wise evacuation strategy that holds evacuees back up to a point
where if they are released into the network and seek the dynamic optimal destination, they will clear the
network promptly with the minimum stopping time, encounter less congestion, and contribute to a shorter
overall network clearance time. An order of magnitude savings in NCT (75%), total system evacuation
time (72%), average stop time (92%), and in-vehicle travel time (89%) are reported. This means that in
OSTE, the network is cleared four times faster than the do-nothing strategy (SE), evacuees travel eight
times less than in the do-nothing strategy, evacuees stop eleven times less than in the do-nothing strategy,
and finally the total system evacuation time can be reduced to one quarter.
6.3

Optimal Routing and Scheduling of Transit Vehicles

In general, transit services are designed based on the seating and standing capacity of transit vehicles;
however, in emergency evacuation evacuees are expected to tolerate more crowding and make the best
use of any available space in the transit vehicle. Therefore, it is plausible to consider the crush capacity of
a transit vehicle when planning for emergency situations. For a transit bus it is assumed that one bus can
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carry at most 90 passengers, a subway vehicle is assumed to carry at most 330 passengers; that is a
subway train with six vehicles can carry up to 2000 passengers. Dwell times3 that reflect the physical and
operating characteristics of transit units are calculated at transit stops (Vuchic, 2005). It should be noted
that dwell times are mode-dependent; therefore, dwell times for buses are different from those for subway
trains.
Two scenarios that represent two objective functions are evaluated in this implementation; the first
objective is to minimize the in-vehicle travel time (routing time) for transit vehicles (TT) , while the
second minimizes the travel time of transit vehicles and the waiting time of evacuees at stops (TT.WT)
simultaneously; that is minimizing the total system evacuation time. Subway trains and shuttle buses are
evaluated based the following measures: average number of runs per transit vehicle, average total invehicle travel time, average in-vehicle travel time, average travel distance, and average waiting time.
Table 5 shows the MOEs for each subway line/shuttle bus in each scenario. The following sections
discuss the relevant findings for both modes.
6.3.1

Rapid Transit Scheduling

The model generates the optimal scheduling and time table for each train. It should be noted that a train
does not necessarily stop at each station; rather, it picks up evacuees from selected stations to achieve a
certain objective function until its capacity is reached. Typically, the demand at stations is larger than the
capacity of a train; therefore, trains travel in cycles until all the demand is exhausted.
The demand assignment process described in section 5.2 resulted in evacuees being carried by the closest
subway lines. The Yonge and Bloor subway lines are the major lines that cover large geographical areas
within the City of Toronto and pass through the dense core of the city; therefore, the majority of the
demand is attracted to these lines. It is not surprising to find that the Yonge line has the highest number of
evacuees, it carries around 373,360 evacuees which is almost double the demand assigned to the Bloor
line (176,189). This is because of the denser landuse around the Yonge line and the transit-oriented
development within this area. The Scarborough and Sheppard lines carry 20,006 and 9,692 evacuees
respectively.
Analysis of the results leads to the following conclusions:


The Yonge line is the busiest line with each transit unit making, on average, four runs to transport
evacuees to safe destinations. Including the waiting time in the objective function (as shown in the
TT.WT scenario) has evened out the average in-vehicle travel time. This is clearly shown by the
significant drop (70%) in the standard deviation of the total in-vehicle travel time average over
transit units. Although the average in-vehicle travel time appears to be the same in both scenarios
(TT and TT.WT), the pattern across transit units is significantly different. Including the waiting time
in the objective function has increased the in-vehicle travel time and the total travel distance.
However, the average in-vehicle travel time increased by only 2% and the average travel distance by
only 2%, yet the average waiting time of evacuees dropped by 45%. Furthermore, the standard
deviation of the average waiting time for evacuees dropped by 55% when including the waiting time
in the objective function. This demonstrates that the TT.WT scenario provides a more reliable

3

Dwell time consists of the time lost prior to opening and after closing the transit vehicle doors, and the time required for
boarding /alighting of passengers at most heavily used doors. Factors affect the calculation of dwell times include: vehicle floor
height and platform height, number of boarding/alighting channels (doors), and fare type and fare collection.
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service for evacuees in emergency situations. However, this is contrary to what people and transit
authorities may be inclined to expect, which is that all trains stop at all stations.
The Bloor line is the second busiest line where each transit unit makes, on average, two runs to
transport evacuees to safe destinations. Including the waiting time in the objective function (as
shown in the TT.WT scenario) has evened out the average in-vehicle travel time. This is clearly
shown by the significant drop (50%) in the standard deviation of the total in-vehicle travel time
averaged over transit units. Although the in-vehicle travel time appears to be the same in both
scenarios (TT and TT.WT), the pattern across transit units is different. Including the waiting time in
the objective function has increased the in-vehicle travel time and the total travel distance. However,
it is worth noting that the average in-vehicle travel time increased by only 2.5% and the average
travel distance by only 2.5%, yet the average waiting time of evacuees dropped by 43% and the
standard deviation of the average waiting times dropped by 43%.
Unlike the Yonge and Bloor lines, the Sheppard and Scarborough lines are not heavily utilized.
Nevertheless, the same conclusions can be drawn when comparing scenario T.T to WT.TT and
examining Table 5.





6.3.2

Shuttle Buses

The model generates the optimal routing and time table for each bus as it shuttles between pick-up points
and nearest shelters. It should be noted that buses are initially assigned to pickup points according to their
location at the onset of the evacuation. After the initial pickup, buses shuttle to the nearest shelter then go
back into the system but not necessarily to the same pickup points. This means that each bus seeks the
best pick-up point in order to achieve a certain objective function. Shuttle buses loop between the optimal
pick-up points and shelters until all the demand is exhausted and finally head back to safe shelters. Due to
the unprecedented sheer size of the problem and the huge search space, a feasible initial solution is
attainable within a few hours of CPU time; however, the improvement process may take up to a few days
of CPU time depending on the objective function being optimized. For example, to minimize the invehicle travel time for buses, on a Quad Core Machine with 8 GB of RAM, it took 5 hours to obtain an
initial feasible solution and 3 days to improve the solution and completely solve the optimization
problem.
Examination of the results leads to the following conclusions:


On average, transit shuttle buses make around 6 runs to transport evacuees to safe destinations.
Including the waiting time in the objective function has evened out the average in-vehicle travel
time and the average number of runs/vehicle. This is clearly shown by the significant drop (44 vs
425) in the standard deviation of the total in-vehicle travel time averaged over transit units. The
average in-vehicle travel time is found to be 23 min in the TT scenario and 24 min in the TT.WT
scenario; although close to each other, the pattern across transit units is significantly different.
Including the waiting time in the objective function has increased the in-vehicle travel time and
total travel distance. However, it is worth noting that the average total in-vehicle travel time
increased by only 7%, yet the average waiting time of evacuees dropped by an order of
magnitude (53 vs 914). Furthermore, the standard deviation of the average waiting time for
evacuees dropped by an order of magnitude (43 vs 1844) when including the waiting time in the
objective function. This demonstrates that the TT.WT scenario provides a more reliable service
for evacuees in emergency situations. It should be noted that a careful examination of the absolute
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average of in-vehicle travel times and travel distance for the TT and TT.WT scenarios is required.
Because these averages are calculated based on the average number of runs which is dependent
on the objective function (TT vs. TT.WT), they already take into account the variability in the
load assigned to each vehicle.
7

SUMMARY, CONCLUSIONS AND FUTURE RESEARCH

Planning for emergency evacuation has been extensively investigated during the last few decades.
Numerous studies have contributed to developing and testing strategies that have the potential to mitigate
the consequences of emergency situations. However, little emphasise was given to studying the
interaction between the various strategies that could be potentially synergized. Also, the absence of
accurate representation of the spatial and temporal distribution of the population may raise questions
about the conclusions and recommendations of these endeavours. Moreover, the lack of identifying the
available modes and captive populations to certain modes is significantly contributing to the absence of
multimodal evacuation plans. Incorporating multiple modes in emergency evacuation has the potential to
expedite the evacuation process and is essential to assure evacuating transit-captive segments of the
population.
This paper is geared towards optimizing multimodal evacuation for large-scale emergency evacuations. A
framework is developed that integrates two optimization platforms; OSTE and MDTCPD-VRP, for
automobile-based evacuation and mass transit-based evacuation, respectively. The integrated platform is
tested on the evacuation of the City of Toronto using Rapid Transit (subway), Shuttle Buses and
Automobiles. The OSTE platform utilizes parallel genetic algorithm optimization to guarantee a near
global optimal solution. OSTE is designed to model multi-objective optimization (minimization of
vehicle travel time and evacuees waiting time). OSTE, in addition to generating evacuation plans for
automobile users, provides link travel time input for the transit shuttling evacuation component.
Moreover, a new variant multi-objective VRP (MDTCPD-VRP) that provides an optimal scheduling and
routing plan for transit vehicles is presented. This is, to the best of the authors’ knowledge, the first
attempt to model transit-vehicles routing and scheduling from a multi-objective perspective with real-life
constraints for large-scale evacuation, in parallel with optimized automobile evacuation.
The study concludes that an accurate demand estimating model has the potential to identify the
evacuation demand by mode over time and space. These attributes are essential to realistically plan for
regional evacuation scenarios. The proposed demand estimation model concluded that the noon period is
the time where the maximum number of people is present in the City of Toronto totalling 2.56 million
people (1.22 M automobile evacuees plus 1.34 M transit evacuees)
The study also concludes that considering only the travel time in emergency evacuation inappropriately
ignores the waiting time of evacuees especially in case of non-notice evacuation. On the other hand,
minimizing only the waiting time will obviously lead to simultaneous evacuation which results in early
grid lock and sever congestion. A good compromise is to account for both the waiting time of evacuees at
the origins and their travel times through the transportation network. Applying the multi-objective
structure of the model to the City of Toronto, it is found that OSTE clears the network four times faster
than the do-nothing strategy (SE), evacuees travel eight times less than in the do-nothing strategy, and
finally evacuees stop eleven times less than in the do-nothing strategy; in which case the average
automobile-based evacuation time across 1.22 million people is about 2 hours and the NCT is about 8
hours. Furthermore, transit systems (Rapid Transit and Buses) can substantially improve the evacuation
16

process due to the readily available capacity of transit vehicles. The Toronto Transit Commission (TTC)
fleet is capable of evacuating the transit-dependent population (1.34 million) within two hours on average.
The above findings are indeed encouraging in terms of system performance. One potentially critical
dimension that needs further research is user equity, which may also have a direct bearing on compliance.
Since evacuation scheduling, particularly for automobile-based evacuation, implies holding back some
evacuees and releasing others, the question remains who to let go first. If evacuees perceive their holding
up as risky or unfair, they may simply ignore the provided guidance which defies the purpose of
scheduling. One can also envision the administration of scheduling on the basis of priority and exposure
to risk which requires further investigation. Finally, further research is required to assess evacuee’s
potential compliance to the given recommendations. We defer researching these issues to a later stage
when we can closely examine evacuees’ behavior in general. Behavior can be potentially assessed by
analyzing evacuees’ behavior under past real evacuation scenarios using stated preference surveys or
through mix-reality simulations by exposing actual subjects to simulated evacuations in a virtual
environment and watch their behavior.
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Figures and Tables
Table 1 OSTE Formulation
Sets
T
evacuation planning horizon divided into equal evacuation (departure) intervals of time t,
where t = 1,…,T
I
set of evacuation zones (origins); i  I
J
set of safe shelters (destinations); j  j
Parameters

Dij

evacuation demand from origin i to destination j;

Decision Variables



demand scheduling/staging vector for evacuation:

t

where

  (..., t ,.... )

is the percentage of demand released at time interval t

Objective Function
 Min Vehicle Travel Time

Min  Yijt TTijt
tT iI jJ

Where

TTijt is the evacuation travel time between origin i to destination j at time t. It should be noted that travel

times are dynamically changing according to the scheduling vector and the DTA model.
 Min Waiting Time

Min  Yijt WTijt
tT iI jJ

Where WTijt is the waiting time for evacuees traveling from origin i to destination j at time t. It should be noted
that waiting times are also dynamically changing according to the scheduling vector.


Min Waiting Time and Vehicle Travel Time

Min  Yijt (TTijt  WTijt )
tT iI jJ

Where,
Yijt = number of evacuees leaving evacuation zone i to destination j at time interval t ,

Yijt  t Dij
Constraints
Flow Conservation
Constraint

Y

Scheduling Range



tT

tT

ijt

t

 Dij  i  I , j  J

 1 , 1  t  0

Table 2 MDTCPD-VRP Formulation
Sets
N
All nodes that construct the network (graph)
Evacuee pick-up points, E  N
E
S
Shelter delivery points
All arcs (i,j) linking connected nodes i, j  N
A
V
Available fleet of vehicles
D
Set of depot nodes where vehicles V are located
={KD  KS}, where KD is the set of routes from depots to shelters and KS is the set of routes from
K
shelter to shelter
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Parameters
CAPv
Capacity of vehicle v
COSTv
Cost of using vehicle v
The demand of evacuees located at node i, i  E
DEMi
The routing cost (travel time) on arc (i,j), (i, j ) A
Cij
TMax
Time global threshold before which evacuees have to be delivered to shelters
Decision Variables
k
X vij
Indicates whether or not vehicle v is traversed arc (i,j) in route k
Yvik

Indicates whether or not pickup point i is served by vehicle v in route k

Zv

Indicates whether or not vehicle v is dispatched
Indicates the time ,measured from the onset of the evacuation, until vehicle v reaches pick point i in
route k

t

k
vi

qvik

Indicates the number of evacuees picked up by vehicle v from node i in route k.

Objective Function
 Min Routing Cost

Min 

X

k K vV (i,j) A

k
vij

Cij

 Min Routing Cost and Waiting Time

Min WRC   X vijk Cij  WWT  Yvik tvik qvik
kK vV ( i , j )N
kK vV iN

 Min Routing Cost and Vehicle Cost


Min WRC   X vijk Cij  WVC  Z v COSTv 
kK vV ( i , j )N
vV


 Min Routing Cost, Vehicle Cost, and Waiting Time

Min WRC   X vijk Cij  WWT  Yvik t vik qvik
kK vV ( i , j )N
kK vV iN

Constraints

X vijk  { 0,1}






 WVC  Z v COSTv 
vV


 (i, j )  A, v  V , k  K

Y  { 0, 1}

 i  N , v V , k  K

Z v  { 0,1}

 v V

t 0

 i  N , v V , k  K

q 0

 i  N , v V , k  K

k
vi

k
vi

k
vi

 X

kK

X
jN

jN

k
vji

iD

k
vij

 Zv

 v V

 Yvik

 v V, iN, k K


At Intermediate Nodes

X
iN

Flow
and
Route
Conservation
Constraints



k
vih

hN {DS},vV, k K

jN

At Shelter

X X

kK jN



k
 Xvhj
0

k
vji

kK jN

k
vij
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iS, vV

At Depot

X

k
vij 1

 vV, iD

kK jN
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Vehicle Capacity

Y
iE

Capacity and
Vehicle
Constraints



k
vi

qvik  CAPv

vV,k K

Evacuees Pickup

Y q  DEM
k k
vi vi

i

i E

vV kK



Fleet Capacity

Z  V
v

vV

Time
Constraints
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Xvij
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Figure 1 Framework for Optimization of Multimodal Evacuation
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Figure 2 The GTA and City of Toronto Traffic Analysis Zones
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GTA

City of Toronto

Model
Area Covered (Km2)
Perimeter (Km)
No of Nodes
No of Links
No of Zones
Length of Roads (Km)
Population (M)

GTA
8,573
624
12,082
29,194
1,677
23,303
5.38

City of Toronto
628
120
3,393
7,480
463
3,610
2.37

Figure 3 The GTA and City of Toronto Simulation Models
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Subway Line
No of Trains
Average Speed (kph)
Average Headway (min)
Average Runtime (min)
Line Distance (km)
No of Cars/Train
No of Stations/Line

Bloor
42
31
2:40
110
52.5
6
31

Yonge
48
31
2:40
118
60.5
6
32

Scarborough
6
37
3:30
21
13
4
6

Sheppard
4
30
5:30
22
11
4
5

Figure 4 The TTC Rapid Transit Lines, Stops, and Fleet Characteristics (TTC, 2001)
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Figure 5 Temporal Distribution of Evacuees in the City of Toronto

Figure 6 Distribution of Evacuation Demand at Subway Stations
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Figure 7 Distribution of Evacuation Demand at Bus Stations
Table 3 Genetic Algorithm Methods and Parameter Values
GA Design
Method
Description and Chosen Values
Element
Population Size ≥
80
Population Size
Chromosome Size
Random
Each gene in the decision variable vector is encoded as a real
Initial
number with a range between 0 and 1. The chromosome size
Population
(number of genes) represents the number of departure time
intervals.
Linear Ranking
The individuals in a population of n chromosomes are ranked in
Selection
Selection
descending order of fitness, with a rank of n points given to the best
individual and a rank of 1 given to the worst individual.
Real Blend Crossover
Exchange the genetic information between the population
Recombination
individuals; it acts on two parents in the intermediate population by
combining their traits to form two new offsprings. This is not
applied to all chromosomes but depends on the probability Pc
defined by the crossover rate. Pc= 0.9 (90 percent of the time the
crossover operator is applied).
Real Gaussian Mutation
Randomly chosen genes are mutated with a range of ± 5%
Mutation
Number of generation
25
Stopping
with no decrease in the
Criterion
fitness function value
Fully Connected
 Number of demes: 4
Parallel GA
Topology
 Migration policy: good migrants replace bad individuals
 Migration rate (the number of individuals to migrate): 15 % of
the population
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Figure 8 Fitness Function Value with the Number of Generations
Table 4 Comparative Analysis of Evacuation Strategies
MOE
Average InAverage
Average
Vehicle
Total System
Waiting
Travel Time
Evacuation
Time (min)
Scenario
(min)
Time (min)
0
412
412
SE
0
175
175
SE-DC
82
112
194
OTE
65
50
115
OSTE

Average
Trip
Distance
(km)
11
11
14
12

Network
Clearance
Time- NCT
(min)
1815
800
940
445

Average Stop
Time (min)
380
148
88
33
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OSTE

SE

OTE

SE-DC

Figure 9 Loading and Evacuation Curves for Four Strategies
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Table 5 Measures of Effectiveness of Rapid Transit Lines and Shuttle Buses *
Line/
Mode

Bloor Line

Yonge Line

Scarborough
Line

Sheppard Line

Shuttle Buses

TT
TT.WT
TT
TT.WT
TT
TT.WT
TT
TT.WT
TT
MOE
Average No
2.1
2.1
4
4
1.6
1.6
1.2
1.2
5.59
of Runs**
(1.2)
(0.8)
(3)
(0.6)
(0.9)
(0.4)
(0.5)
(0.5)
(30)
Average Total
In-Vehicle
96
90
228
216
47
47
19
19
114
Travel Time
(70)
(35)
(117)
(35)
(29)
(10)
(8)
(8)
(425)
(min)
Average InVehicle
42
43
55
56
27
29
16
16
23
Travel Time
(min)***
Average
Travel
20.5
21
27.4
27.8
15.17
16.61
6.9
6.6
21
Distance (km)
Average
72
40.6
178
98
27
23
12
9
914
Waiting Time
(63)
(36)
(157)
(70)
(27)
(15)
(9)
(8)
(1844)
(min)
* Numbers between parentheses represent the standard deviation of the MOE across the number of vehicles.
** Average number of runs: The average number of runs each transit vehicle travels to serve all the evacuees.
*** In-vehicle travel time: the total in-vehicle travel time divided by the number of runs per vehicle.

TT.WT
5.59
(3)
122
(44)
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22
53
(43)
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