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Abstract

During an evacuation, evacuees experience congestion which leads to evacuation
inefficiencies. The efficiency of an evacuation process is primarily determined by
the decision adopted by the evacuees. There are two critical decisions that every
evacuee has to make: (a) when to evacuate and (b) which route to take. In this
thesis, we build mathematical models to study the impact of evacuee behavior on
evacuation process and propose strategies to improve evacuation efficiency.

One of the first decisions an evacuee makes is the departure timing decision.
Evacuee departure timing decisions are important as simultaneous evacuations
leads to congestion. One of the reasons for near simultaneous departures is higher
perceived risk of threat spread through social contacts. We built an individual
level departure time choice model incorporating both evacuee individual characteristics and the evacuee social influence. We also propose a traffic control strategy
to alleviate congestion. We find that the performance of an evacuation process can
be improved by forcing a small subset of evacuees (inhibitors) in the low risk area
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to delay their departure. The performance of an evacuation is measured by both
average travel time of the population and total evacuation time of the high risk
evacuees. We derive closed form expressions for average travel time for ER random network. Further we perform detailed experimentation to study the impact
of evacuee network topology, risk distribution and control strategy on evacuation
performance.

Once an evacuee decides to evacuate they need to identify the best route to
destination. During evacuation evacuees tend to behave non-altruistically and try
to optimize their own individual utility. This leads to over utilization/ congestion
on certain road segments. There are several traffic control strategies but most of
them assume altruistic evacuee behavior. We propose traffic control strategies blocking and throttling to improve evacuation efficiency. These strategies manipulate the evacuee behavior (i.e. routing choice) by altering the topology of the
underlying transportation network. We built a simulation model to understand
the impact of transportation road network topology, evacuee behavior and control
strategy on evacuation efficiency.
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Chapter

1

Introduction

1.1

Introduction

Disasters are inevitable and the only way one can address them is by having good
disaster management practices. Disaster management aims to mitigate potential
losses due to disasters, ensure preparedness, provide immediate response to victims of disaster, and achieve effective recovery. One of the aspects of emergency
preparedness is evacuation. Evacuation is the process of moving the evacuees away
from the source of a threat or disaster to a safer destination. Efficient evacuation
plans are mandatory to mitigate the impact of disaster. The efficiency of an evacuation process is typically measured in terms of travel delays experienced by the
evacuees [1, 2, 3]. Travel delay during evacuation is usually caused due to the inability of surface transportation network to handle a large evacuating population.
Transportation networks are built to meet daily demands of the population and
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may not be prepared to handle the sudden surge in demand.
During evacuation evacuees make several decisions such as, when to evacuate?,
where to evacuate to?, and which route to take? The decisions adopted by the
evacuees determine the efficiency of an evacuation process. In my thesis I focus on
evacuee departure timing and routing decisions. We use Figure 1.1 to illustrate the
effect of evacuee departure timing and routing decisions on evacuation process. All
evacuees originating at source nodes 1, 2 or 3 try to evacuate to safer destination
node 7 using the transportation network. If most of the evacuees at source node
1 decide to evacuate at the same time there will be a surge in demand on road
segment 1 − 4 leading to congestion. On the other hand, if most of the evacuees
make similar routing decisions like decide to take the shortest distance path to the
destination. This will cause congestion on road segment 4 − 7, which belongs to
the shortest distance path between all the source - destination pairs. The impact
of evacuee decisions on evacuation efficiency has been neglected in the literature.
In this thesis we study the impact of evacuee departure time and routing decisions
on evacuation efficiency. Additionally, we also propose traffic control strategies to
manipulate evacuee behavior and make the evacuation process more efficient.

1.2

Research Objectives and Contributions

Decisions adopted by the evacuees plays a major role in determining the efficacy of
an evacuation process [4, 5]. Some of the typical decisions made by evacuees are:

3

Figure 1.1. Transportation network and the underlying social network at each source
node. In transportation network intersections are nodes and road segments are edges. In
a social network nodes are people and edges capture interaction between them. Transportation network Nodes: Red {1, 2, 3}-Source nodes, Black {4, 5, 6} - Transient nodes,
and Green{7}- Destination node.

to evacuate or to stay, when to evacuate, where to evacuate to, and which route
to take. In this thesis, we focus on evacuee departure time and routing decisions
with the main objective of improving evacuation efficiency. The objective of this
thesis is : (1) Study the impact of evacuee behavior on evacuation efficiency, and (2)
Propose control strategies to mitigate congestion and improve evacuation efficiency.

1.2.1

Problem 1: Evacuee Departure Time Model

One of the first decisions an evacuee makes during evacuation is the evacuation
departure time. Departure timing decision is important as most evacuees leaving at the same time causes congestion. Departure time decisions are critical as
transportation networks are not equipped to handle these surges in traffic volume.

4
Several factors influence evacuee decision making such as individual evacuee characteristics, emergency specific threat factors and social influence [6]. Traditionally,
such decisions were assumed to be based on personal experience/knowledge and
completely independent of any influence from social ties. Recent research on evacuation loading patterns shows that social ties have a strong influence on evacuee
decision-making process [5, 7]. As our societies grow more connected, our decision
making process is also interlinked. In this well connected society social network (a
network of people and their interactions) acts as a medium for information diffusion
and adoption of new ideas. This idea of an individuals decision being influenced
by others in the social network is not new and has been studied since 1960s [8].
Information diffusion models are being applied to various fields of study such as
diffusion of innovation and technology, viral marketing, spread of computer viruses
and epidemiology studies [9, 10, 11, 12].
The objective of this work is to study the effect of evacuee individual characteristics
and minimize the average evacuation travel time. Traditionally evacuation loading
rate exhibits a peak nature [13, 14]. This suggests that there are a few time steps
where the number of evacuees entering a road segment exceeds the capacity of the
road segment leading to congestion and inefficient evacuation travel times. In this
work we present an evacuee departure time choice model and study the effect of
departure time on average travel time. Evacuee departure time choice model incorporates both evacuee individual characteristics and the underlying evacuee social
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network. Additionally, we find that the performance of an evacuation process can
be improved by forcing a small subset of evacuees (inhibitors) to delay their departure. We show both analytically and numerically that inhibiting a small subset of
evacuees can significantly reduce the average travel time. We provide experimental
analysis for various inhibitor selection strategies and discuss their effectiveness on
different social network topologies.

1.2.2

Problem 2: Evacuee Routing Model

Once an evacuee decides to evacuate they need to identify which route to take to get
to the destination. It is known that evacuees tend to behave non-altruistically making routing choices that minimize their travel time [15]. Evacuee routing decisions
are primarily based on distance and not congestion level. Evacuee myopic behavior
can be detrimental to certain transportation network topologies, especially when
there are common road segments that belong to multiple shortest paths. The congestion level on these common road segments would be high, as they serve demands
that are greater than their capacities. This motivates the need for effective traffic control strategies to improve system performance, measured as total evacuation
time. There exist several traffic control strategies like traffic routing, signal control
and contraflow [16]. Inspite, of all the effective traffic control strategies there still
exist congestion and travel time delays. There are several reasons that result in
evacuation inefficiencies but most traffic control strategies assume evacuees to be-
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have altruistically i.e. evacuees sometime take longer routes in order to improve the
overall system performance. In reality evacuees tend to behave non-altruistically
i.e. they try to minimize individual travel time to the destination while responding
to system conditions [17]. This suggests that we need more realistic traffic control
strategies. In our work we present traffic control strategies, throttling and blocking.
In throttling certain road segment(s) are temporarily closed and opened based on
their congestion level. This switching of states of certain road segments (close and
open) is hard to implement in reality. Additionally, it would require to be effectively communicated with the evacuees. These two issues illustrate that throttling
strategy would be hard to implement. In order to overcome the practical issues
we propose blocking control strategy, which is an extension of throttling control
strategy. Blocking involves closing certain road segment(s) for the entire duration
of evacuation. Both these control strategies throttling and blocking are motivated
from Braess paradox which states adding extra capacity to a road network when
the moving entities selfishly route themselves does not always improve the overall
performance of the system [18, 19]. In other words, decreasing the capacity may
sometimes improve the overall system performance. Furthermore, we test the effectiveness of proposed control strategies using evacuation simulation models for
different evacuee behavior and transportation network topologies. Results demonstrate that throttling and blocking improve the evacuation efficiency. Moreover,
we found that the amount of improvement in evacuation efficiency depends on the
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traffic network topology and the evacuee behavior. Pronounced reduction in total
evacuation time was found in scenarios where most of the source-destination paths
overlapped and a large fraction of evacuees were insensitive to congestion.

1.3

Organization of thesis

In chapter 2 we present problem 1 - evacuee departure time model. We investigate
the impact of proposed evacuee departure time model on average evacuation travel
time. In this chapter we motivate the problem, formally describe the problem,
propose a control strategy, perform experimentation and discuss the results. In
chapter 3 and 4 we address problem 2 - evacuee routing model. In chapter 3 we
discuss throttling traffic control strategy. We motivate the issue of evacuee routing
decision and how it effects evacuation, then formally describe the problem, suggest
a solution strategy, perform experimentation and discuss results. In chapter 4, we
discuss blocking traffic control strategy. We motivate the issue of evacuee routing
decision and how it effects evacuation, then formally describe the problem, suggest
a solution strategy, perform experimentation and discuss results. In chapter 5, we
present conclusions and future work.

Chapter

2

Leveraging Social Networks for
Efficient Evacuation

2.1

Introduction

An efficient evacuation of people from a source of threat to a safer destination is
critical to prevent loss of life and property [14, 20]. Inefficiency in evacuation is
caused due to the inability of the surface transportation network to handle a large
evacuating population. Transportation networks are built to meet daily demands
of the population and often lead to heavy congestion when subjected to a sudden
surge in demand. Congestion effects are further exaggerated as a result of decisions made by evacuees (e.g., overlapping route choices and/or near simultaneous
departure times). Therefore, evacuee decision making plays a major role in improving the efficacy of an evacuation process. Some of the typical decisions made
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by evacuees are: to evacuate or to stay, when to evacuate, where to evacuate to,
and which route to take [21]. Among all of the above mentioned decisions, improving performance by optimizing evacuee route choices is a well researched problem
[1, 22, 23, 24, 25, 26].
In this chapter we investigate the effect of evacuee departure time choice on
evacuation

1

performance. The timing of evacuee departure is critical because

the number of evacuations per unit time (also referred to as loading rate) can
result in overloading of the transportation network, thereby impeding evacuation
[28, 29, 30]. In any evacuation scenario, there is a region exposed to high risk of
threat and a surrounding regions with relatively low exposure to threat. The high
risk evacuees are typically issued mandatory evacuation orders. On the other hand,
the low risk evacuees are in no immediate danger and should only evacuate when
issued mandatory orders. But, in several actual evacuations, it has been observed
that large number of evacuees in low risk areas evacuate along with evacuees from
high risk areas. Such a phenomenon is often referred to as shadow evacuation [14].
Shadow evacuations result in longer clearance time for evacuees in high risk region.
Shadow evacuation has been reported as a major impediment during hurricanes
(Rita, Ike, Floyd) [31, 32], nuclear accidents or chemical spills (Chernobyl, Grianteville) [33, 34]. Shadow evacuations are more pronounced in rapid onset threat
This work has been published in Transportation Research Part B: Methodological.
Madireddy, M., S. Kumara, D. Medeiros, and V. N. Shankar (2015). Leveraging social networks for efficient hurricane evacuation, Transportation Research Part B: Methodological, 77,
pp. 199 212 [27].
1
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situations like chemical spills [34]. Figure 2.1(a) illustrates a hypothetical evacuation scenario with high and low risk regions. The dotted curve in Figure 2.1(b)
indicates the loading rate when both high and low risk evacuees evacuate nearly
simultaneously. The resulting evacuation is inefficient as the loading rate exceeds
the capacity of the road network (horizontal line). Ideally, one would prefer high
risk evacuees to evacuate before the rest of the population, as illustrated by the
solid curve.

(a) Evacuation Scenario

(b) Evacuation Loading Rate

Figure 2.1. Evacuation scenario and the corresponding loading rate curve.

One of the reasons for observing shadow evacuations is higher perceived risk by
evacuees due to social influence. Social influence is a key factor in many sociopsychological processes similar to evacuation [35, 11, 7, 4], such as spread of disease, rumor and innovation. Social influence in disease spread is modeled using
Susceptible-Infective-Recovered (SIR) and Susceptible-Infective-Susceptible (SIS)
models [36, 37, 8], rumor spread using Daley and Kendall (DK), Maki and Thompson (MT) [38, 39, 40] and innovation using threshold, cascade and voters models
[41, 42, 43]. In spite of the qualitative insights from many social science stud-
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ies, evacuation models with social influences are currently lacking [44, 45, 12, 46];
further, only a few studies explicitly model the evacuee decision making process
[5, 4, 47].
In this work we present an individual level evacuation loading model along
with a control strategy leveraging on social influence between evacuees to improve
evacuation performance. We measure the performance of an evacuation process by
(1) the total time required to evacuate evacuees in high risk region and (2) average
travel time of the entire population. The total evacuation time is especially critical
for evacuees in high-risk region as it may directly translate into loss of life. On
the other hand, average travel time measures the time spent by each evacuee on
the road. Higher average travel time signifies the inconvenience experienced by
evacuees during travel and therefore is an important performance measure. The
objective of this current work is two fold: (a) study the effect of social network
structure on evacuation performance and (b) improve evacuation performance by
modifying social influence structure. The rest of the chapter is organized as follows: we discuss the existing diffusion models in section 2.2, evacuee departure
time choice model in section 2.3 and control strategies in section 2.4. Section 2.5
provides analytical insights into the evacuee decision making process. In section
2.6 and section 2.7 we present experimental results and conclusions respectively.
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2.2

Existing Influence Spread Models

Social influence is a key factor in evacuee’s decision to evacuate [5, 7]. In this section
we will briefly review popular influence spread or diffusion models. Social influence
plays a major role in many socio-psychological processes such as spread of disease
[36, 37, 8], rumor [38, 39, 40] and innovation [41, 42, 43]. Existing diffusion models
can be classified into aggregate and individual level models. Aggregate level models
focus on total number influenced (or infected) rather than on individual behavior
[48]. Such models often assume homogeneity at the individual level. As we are
primarily interested in analyzing the effect of inhomogeneous social structure on
an individual’s decision making, we focus on individual level models. The following
are a few popular diffusion models.
• Spread of Disease. Dynamics of infectious diseases have been studied for
more than hundred years and are the earliest diffusion models. The most
widely studied models are the Susceptible-Infective-Recovered (SIR) and
Susceptible-Infective-Susceptible (SIS) models [36, 37, 8]. In the SIR model
people in the population are divided in three subgroups susceptible, infected
and recovered. In the SIS model population is divided into two subgroups
susceptible and infected. SIR model is used to model diseases that confer
immunity and which do not are modeled using SIS. In both these models,
disease propagation occurs due to the interaction between infected and susceptible individuals of the population. In a SIR (SIS) model susceptible
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individuals are people in the population who can contract the disease if exposed to infected individuals. Once an individual gets infected, it moves
into the infective state, and then into the recovered state (susceptible state).
Once an individual recovers from the disease they are immune and therefore
will not contract the disease.
• Spread of Rumor. Rumours can be viewed as an infection of the mind, and
their spreading is similar to that of epidemics [49]. Daley and Kendall (DK),
Maki and Thompson (MT), and Nekovee et al. proposed the most popular
rumor spreading models [38, 39, 40] . In all these models population is divided
into ignorant, spreader and stifler. Rumor diffuses through the population
via pairwise interaction between spreaders and others in the population. In
the case where the other individual is an ignorant, the ignorant becomes
a spreader. In the other two cases, either one or both of the individuals
involved in the interaction learn that the rumour is known and decide not to
tell the rumour anymore, thereby turning into stiflers.
• Spread of innovation. This class of diffusion models were developed to study
innovation or technology adoption. The most popular innovation diffusion
models are the cascade, threshold and voter models [41, 42, 43]. In a cascade
model, each newly activated individual has a single probabilistic chance to
independently activate each of its inactive neighbors. In a threshold model
each individual has a threshold for activation. An individual gets activated
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if the weighted sum of its active neighbors exceeds its threshold. In a voter
model each individual chooses one of its neighbors randomly and mimics
its opinion each time step. Voter model is used to model processes where
progressiveness is undesirable and consensus is always reached [43], whereas
the first two models are used to model monotone processes where consensus
is not always reached. Apart from these differences the similarity in voter
and threshold model lies in the fact that each person changes its decision to
the one held by majority of its neighbors with a high probability.

2.3

Departure Time Choice Model

Consider a community of evacuee households which are connected through an
underlying social network G(V, E) where V is the set of all evacuee households
and E is the set of all pairs of contacts. We divide the evacuee population into
high (VH ) and low risk (VL ) groups based on their risk of exposure. Each evacuee
is associated with a risk level whose value depends on whether evacuee belongs to
high risk region or low risk region. An evacuee v’s risk level v is defined as

v =





 H



 L

v ∈ VH
v ∈ VL

(2.1)
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where H , L ∈ (0, 1] are the risk levels associated with high risk and low risk
areas. The risk levels are determined mainly by threat characteristics ( category,
trajectory, wind speed, level, exclusion zone) and population densities [50, 17,
13, 12, 5]. Note that in general each evacuee can have an individual risk level
depending on the type of housing (e.g., single-family dwelling, multiple-family
dwelling, mobile homes), ability to drive and other personal factors. Typically,
risk level is much higher in the high risk region i.e. H >> L . In this work, we
assume all the evacuees are exposed to some degree of risk i.e L > 0.
The state of evacuation process on underlying social network G is modeled as a
binary random vector X(t) = [Xv (t)]v∈V of size |V | where random variable Xv (t)
is the state of an evacuee v at time t, defined as

Xv (t) =





1 if evacuee v has evacuated before time t



0 otherwise.

(2.2)

Evacuation is an irreversible monotone process i.e., once an evacuee evacuates they
remain evacuated. Each individual evacuee in our model can be in one of the two
states: evacuated or non-evacuated. Let X(t) = x be the current state of the
evacuation process and ev be a unit vector of dimension |V | having a 1 at the
index of vertex v. We define the rate of transition of node v to evacuated state by
a rate function, Q : S × S → R, as Q(x, x + ev ). For simplicity we will represent
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it as Qv (x)
Qv (x) =



P


 u∈Nv λu,v xu + v



0

xv = 0
(2.3)
xv = 1

where λu,v ∈ [0, 1] is the influence exerted by evacuee u on v. A higher level of risk
indicates evacuees are more likely to evacuate on their own without any external
influence. We also assume that the rate of evacuation depends only on the current
state of the system and is independent of time elapsed.
To better understand the evacuation dynamics, one can define an exit rate
function Q(x) =

P

v∈V

Qv (x) which determines the rate at which the process

leaves state x. In fact, the overall evacuation process can be understood in two
steps
• Given the process is in state x, the time before the next evacuation is an
exponentially distributed random variable, τx , with parameter Q(x) i.e.

P (τx > t) = e−Q(x)t

(2.4)

• After τx time, the probability that an unevacuated node v evacuates is given
by

Qv (x)
.
Q(x)

We discuss three important aspects of our proposed model and compare them to
existing influence spread models.
• Individual characteristics : Evacuee individual characteristics play a ma-
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jor role in evacuee decision making process. Whereas, the above mentioned
SIR, SIS, DK, MT, cascade and voters models neglect individual node attributes [47]. Threshold models are the exception, where each node has its
own threshold for evacuation. Early evacuee loading models estimated the
loading rate based on the population in the threat region and daily highway
network traffic [51, 52]. These models failed to account for individual evacuee characteristics such as prior perception of personal risk, type of housing
(e.g., single-family dwelling, multiple-family dwelling, mobile homes), and
hazard specific threat factors [6]. During the 1980s, a large number of posthurricane surveys and behavioral studies were conducted leading to a new
class of demand generation models that incorporated the previously mentioned evacuee characteristics [35, 53, 13, 6]. These models were either very
simplistic like sigmoid curves (S-curves) and Tweedie distribution, or data intensive and complex like logistic regression, artificial neural network (ANN),
sequential logit model (SLM) and empirically based large-scale evacuation
time estimate model (EMBLEM) [54, 14, 7]. Yet, none of the prior mentioned evacuee loading models account for evacuees at an individual level.
The primary advantage of individual level loading models is that they enable
us to incorporate social influence at a disaggregate scale in addition to individual evacuee characteristics. Additionally, individual level models provide
us with a better understanding of the interactions between the underlying
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factors (like social influence and evacuee characteristics) and consequently,
their impact on evacuation performance.
• Social influence: Due to social influence, an evacuee is also more likely to
evacuate as more of its neighbors evacuate. The positive dependence of evacuation decision on neighbors has been validated through a survey conducted
on residents in North Carolina after hurricane Isabel and South Carolina
after chemical spill [55, 56]. Another property of our model is that the probability of influence exerted by a neighbor u on node v has a diminishing
returns property in the number of evacuated neighbors. In other words, the
marginal increase in probability of a node evacuating will be highest when
its first neighbor evacuates and this increase will be smaller with additional
neighbors evacuating. Such a marginal decreasing property of influence has
been reported earlier in the case of memberships in online communities [57].
In the threshold model, influence is modeled as a step function. Moreover, in
threshold models, decision to evacuate depends on the fraction of evacuated
neighbors indicating the higher degree nodes are less likely to evacuate as
compared to our proposed model. Voters model assumes a linear influence
function.
• Complete evacuation: In our analysis, complete evacuation is a useful property as we are comparing average travel times on different network topologies.
Our evacuee decision making process can be interpreted as a Continuous
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Time Markov Chain (CTMC), as the current state of the system only depends on its previous state. The state space of CTMC consists of all possible
binary vectors of length |V |. It follows that there are 2 |V | states. The evacuation process starts in state xo = 0 (no nodes evacuated) and ends in the
terminal/absorbing state xf = 1 (all nodes evacuated). Moreover, there is
a positive probability of reaching the absorbing state from any intermediate
state. Therefore we can guarantee the convergence of the markov chain i.e.,
all evacuees will evacuate in finite time. Note that both the threshold and
cascade models cannot guarantee complete evacuation.
Akin to Vickery’s bottleneck model [58], suppose the geography of the source is
such that all evacuees have to pass over a bridge with an inflow rate of C nodes
per unit time. The bridge acts as a bottleneck causing congestion which leads to
inflated travel times. The effect of road capacity and traffic volume on travel time
delays can be captured using a single server queuing model. The arrivals into the
queue are a result of the evacuation process. Let Ai be the time of ith arrival onto
the bridge. As the queue has a constant service rate of C nodes per unit time, the
corresponding departure time Di can be computed using the following relationship,

Di = max(Ai , Di−1 ) + 1/C

(2.5)
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The travel time experienced by ith arrival is Di − Ai . Therefore, the average travel
time of the entire population is given by
|V |

1 X
(Di − Ai )
T T (G) =
|V | i=1

(2.6)

The total evacuation time (TET) or clearance time of the risk region is given by

T ET (G) = max Di
zi ∈VH

(2.7)

where zi is the evacuee corresponding to the ith arrival.
We aim to study the effect of network topology and individual characteristics on
both T T (G) and T ET (G).

2.4

An Approach to Control Evacuation Loading
Rate

In order to improve the performance of an evacuation process, we propose to externally influence a subset of evacuees such that they do not evacuate until all other
nodes have evacuated. We refer to such nodes as inhibitors (I ⊆ V ) as they would
inhibit other evacuees from departing simultaneously. In other words, inhibitor
nodes aim at spreading evacuee departures over time. The concept of leveraging
the influence of a subset of nodes in a population to modify the behavior of the
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entire population has been researched in fields such as marketing and epidemiology
[59, 9, 36]. For example, identifying a set of key nodes to give incentives (vaccines)
in order to maximize the number of product users (minimize the number of infected
people). In the area of evacuation, some researchers have proposed a methodology
that can identify the initial seed node which will help in maximizing the spread
of evacuation warning [4, 5]. In contrast, we view inhibitors as barriers restricting
the flow of influence from evacuated to non-evacuated population. The behavior
of inhibitors is similar to that of recovered nodes in SIR models and stifler nodes
in rumor spreading model as these classes of nodes prevent spreading. Recovered
and stifler nodes are generated dynamically due to node interactions whereas inhibitors are set initially by external agents. In real world settings, it is difficult
to prevent evacuees from evacuating. However, a recent study [55] indicates that
members of certain civic groups (e.g., churches, American Legion) exhibit altruistic
behavior as they volunteer to help their local communities. Our analysis can help
authorities identify and persuade key individuals to act as inhibitors and improve
the performance of the overall evacuation process.
As inhibitors do not evacuate until all other nodes have evacuated, introducing inhibitors is equivalent to modifying the original social network G(V, E) by
removing all inhibitor nodes and their attached edges. It can be easily verified
that the modification in topology will not affect the dynamics as the inhibitors
cannot be affected nor can they affect any other nodes in the social network sim-
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ilar to recovered and stifler nodes. Let GI (VI 0 , EI ) be the modified graph where
the vertex set VI 0 = V \I and edge set EI = {(v, u) : (v, u) ∈ E, v ∈ VI 0 , u ∈ VI 0 }.
However, there is an inherent risk involved in introducing inhibitors. The fact that
inhibitors will delay their evacuation implies that they will be exposed to threat
for longer periods of time. We naturally would want to select inhibitors from the
low risk region. One can pose the optimal inhibitor selection as the solution of the
following optimization problems

min

T T (GI )

(2.8)

T ET (GI )

(2.9)

I⊆VL :|I|≤Imax

min

I⊆VL :|I|≤Imax

where Imax is the maximum number of inhibitors. In the following section we
show that for some special cases one can derive a closed form expression which
captures the dependence of average travel time on the inhibitors. In general,
however it appears quite difficult to get a closed form dependence expression. A
straight forward approach would be to simulate the evacuation process for various
choices of inhibitors. This would cause the number of inhibitor choices to increase
rapidly with network size, and the simulation based approach can be prohibitively
expensive. Even a simple gradient descent algorithm would required Imax (|V | −
0.5Imax ) simulation runs. A more complicated heuristic (like genetic algorithm
or simulated annealing) will be even more computationally cumbersome. As an
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alternative, we propose a computationally cheaper heuristic for inhibitor selection.
In order to restrict the flow of influence from evacuated to non-evacuated nodes,
it is natural to set inhibitors to be the most influential or central nodes of the
network. We simply select the top Imax evacuees based on their centrality with
respect to social graph G (see Algorithm 1).
Algorithm 1 Centrality Heuristic for inhibitor selection
Input: G(V, E), ∗ , Imax and node based measure Γ(v)∀v ∈ V
Output: Inhibitor set, I
Sort vertices in VL (∗ ) in decreasing order of Γ(v)
Set I to be the top Imax vertices of sorted V (∗ )

There are several centrality measures used to identify the influence of a node
on the network. We use two of the most popularly used centrality measures:
• Degree centrality of a vertex v in a network is the number of its neighbors
degv = |Nv |. This is a local measure of immediate influence. It is a simple
measure but often proves to be very effective.
• Betweenness centrality of a vertex v is defined as the fraction of shortest
distance paths that pass through it,

bcv =

X

i,j∈V,v6=i,j,i6=j



σi,j (v)
σi,j



where σi,j is the total number of shortest paths between nodes i and j and
σi,j (v) is the number of shortest paths between nodes i and j which go
through v. A node with high betweeness centrality has a substantial influence
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on the network because it lies on the path that connects several pairs of
nodes. Betweenness centrality is computationally expensive (O(|V ||E|) for
undirected graphs), but it is a one time computation.
We can further extend the definitions of degree, betweenness centrality and local safety to weighted graphs. In the case of weighted networks, weighted degree
centrality of a vertex v is defined as the total strength of all edges connected to
it i.e degvw =

P

u∈Nv

λuv . Similarly, weighted betweenness centrality (bcw
v ) of a

vertex v in a weighted network is defined as the fraction of shortest weighted distance paths that pass through v on a graph G = (V, E) with modified weights
λ̄uv = λ−1
uv ∀(u, v) ∈ E. This modification ensures that the shortest weighted
paths contain higher strength links. Both the weighted centrality measures reduce
to their unweighted counterparts when λuv = 1 ∀(u, v) ∈ E. The weighted local
safety measure is the weighted sum of neighborhood safety ωvw =

P

u∈Nv

λu,v (1−v ).

The effectiveness of the above mentioned inhibitor strategies on several weighted
and unweighted networks are tested in section 2.6.
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2.5

Mean field Analysis of Evacuation Loading
Model

In this section, we provide analytical estimates of the performance of evacuation
process using mean field analysis. The central idea of mean field analysis is that
the dynamics of a probabilistic system with large number of interacting entities can
be approximated by a deterministic function [60]. The fluctuations caused by each
individual’s random decision making cancels out and results in an approximately
deterministic system. An important mean field assumption is that all evacuees are
identical and indistinguishable. Such an assumption holds true for Erdős-Rényi
(ER) random graphs as any pair of vertices are equally likely to be connected.
Note that the mean field assumption will not hold true for networks where the
probability of an edge between any two vertices is not equally likely (e.g., scale
free networks, small world networks). Let G(V, E) be an ER random graph where
each vertex has an average of k̄ neighbors, λuv = λ, ∀(u, v) ∈ E and v = , ∀v ∈ V .
Due to homogeneity, we only have to keep track of total number of evacuees in a
particular state rather than the state of each agent. In our case, we only have to
keep track of the total number of nodes evacuees at any time t, Y (t) =

P

v∈V

Xv (t).

It follows that each unevacuated node has the same number of evacuated nodes
(= k̄ Ŷ (t)) in their neighborhood where Ŷ (t) = |V |−1 Y (t) is the fraction of the
evacuated population at time t. Therefore, the probability that one unevacuated
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node evacuates in time interval [t, t + ∆T ] is (λk̄ Ŷ (t) + )∆T (from Eq. 2.3). The
total number of evacuations in [t, t + ∆T ], is a binomial random variable B(|V | −
Y (t), (λk̄ Ŷ (t) + )∆T ). Here B(n, p) refers to the number of successful evacuations
observed from a total of n evacuees each having an evacuation probability of p.
The dynamics of the evacuation process is given by the following probabilistic rule

Y (t + ∆T ) = Y (t) + B(|V | − Y (t), (λk̄ Ŷ (t) + )∆T ),

Y (0) = 0.

(2.10)

Boudec et al [61] have shown that the fraction of evacuated evacuees, Ŷ (t), which
evolves based on a probabilistic rule, Eq.(2.10), can be approximated by a deterministic rule as the system size (i.e |V |) tends to infinity. Specifically, Theorem 1
states that our probabilistic loading model can be approximated by ŷ(t) as defined
in Eq.(2.11).
Theorem 1. (Boudec et al [61]) Let Ŷ (t) be the fraction of evacuated evacuees at
time t. Then, for any finite time t, almost surely lim|V |→∞ Ŷ (t) = ŷ(t) where

˙ = (1 − ŷ(t))(λk̄ ŷ(t) + ),
ŷ(t)

ŷ(0) = 0.

(2.11)

As the system size grows, the law of large numbers dictates that random variables Ŷ (t) → ŷ(t) and B(|V | − Y (t), (λk̄ Ŷ (t) + )∆T ) → (|V | − Y (t))(λk̄ Ŷ (t) +
)∆T . The proof of Theorem 1 applies this convergence result inductively for each
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time step and shrinks ∆T → 0.
By solving Eq.2.11, we get

ŷ(t) = 1 −

λk̄ + 
λk̄ + e(λk̄+)t

(2.12)

In order to compute the average wait time, we first define L(t) to be the queue
length at time t. Note that queue starts forming only when the rate of arrival
˙
exceeds the capacity i.e |V |ŷ(t)
≥ C. From Eq.2.11 (assuming C is sufficiently
small to enable queue formation), it is clear that there exists [T0 , T1 ] such that
˙
ŷ(t)
≥ C if and only if t ∈ [T0 , T1 ] where T0 and T1 correspond to the two real
roots of the quadratic equation |V |ŷ˙ = C. Therefore, the queue starts forming at
T0 and reaches it maximum length at time T1 . The queue length starts decreasing
from T1 and eventually vanishes at some time T2 ≥ T1 where T2 > T0 and satisfies
the following relationship

y(T2 ) − y(T0 ) = C(T2 − T0 ).

In other words, the queue length L(t) can be defined as

L(t) = y(t) − y(T0 ) − C(t − T0 ) ∀t ∈ [T0 , T2 ]

We approximate the average wait time W̄ experienced by all evacuees can be
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computed using the Little’s law which states that the average wait time is the
ratio of average queue length and average arrival rate i.e.

W̄ =

R T2
T0

L(t)dt
|V |

=

Z

T2
T0




C
(t − T0 ) dt
ŷ(t) − ŷ(T0 ) −
|V |

Solving the above integral, we get
#
"


ŷ(T0 ) + ŷ(T2 )
1
λk̄ + e(λk̄+)T2

− (T2 − T0 )
W̄ =
ln
+
2
λk̄
λk̄
λk̄ + e(λk̄+)T0
We can further assume that the population size (|V |) is much larger than the
capacity of the bridge(C) which implies that queue starts forming at the beginning
of the evacuation and ends when the last evacuee evacuates i.e. T0 ≈ 0, T2 ≈
|V |
, ŷ(T0 )
C

≈ 0 and ŷ(T2 ) ≈ 1.

Under the simplifying assumptions, average wait time can be approximated as

W̄ ≈

|V | ln(1 +
−
2C
λk̄

λk̄
)


Average travel time can be represented as follows-

T T (G) ≈

|V | ln(1 +
−
2C
λk̄

λk̄
)


+

1
C

We now try to understand the relationship between average evacuee travel time
and the number of inhibitors. Let I ⊆ V be the set of inhibitors. As discussed
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in section 2.4, one can remove all edges associated with the inhibitors and analyze
the dynamics on the resulting graph GI . In the case of random graphs, we can
approximate the average degree of the GI , k̄I , to linearly decrease with the number
of inhibitors.



|I|
k̄I = k̄ 1 −
|V |



It follows that the average travel time on GI can be updated as follows
¯

1
|VI | ln(1 + λk I )
−
T T (GI ) =
+
¯
2C
C
λkI

(2.13)

In Figure 2.2, we compare our analytical estimate of expected travel time to the es-

Figure 2.2. Analytical and numerical results of average travel time vs. number of
inhibitors for ER random network with |V | = 1000 and |E| = 5000.

timate obtained via numerical simulation. Also, we find that travel time decreases
as we increase the number of inhibitors. This observation can be analytically
confirmed by computing the differential of W̄ (GI ) with respect to |I|.
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1
1
−1
dT T (GI )
+ T T (GI )
=
+
d|I|
C
VI  + λk¯I
For

dT T (GI )
d|I|

≤ 0, we need to show that

T T (GI ) ≤

As ln(1 + z) ≥

1 z
,
2 z+1



1
VI
−
C
 + λk¯I



.

(2.14)

it follows that



1
λk¯I
≥
2  + λk¯I


1 |VI |
1
−
=⇒ T T (GI ) ≤
[From Eq.(2.13)]
2 C
( + λk¯I )


λk¯I
ln 1 +




Clearly, the inequality in Eq. 2.14 holds which means that the average travel
time must decrease with the number of inhibitors.

2.6

Experimentation and results

We perform simulations to obtain insights into the dependence of performance
of evacuation process on social network topology, number of inhibitors, inhibitor
selection strategy and risk distribution. All the experiments are performed on
artificially generated random graphs with 1000 nodes and 5000 edges. We test our
evacuee departure time model on five types of network topologies: ER random,
lattice, small world, scale free and LFR networks (illustrated in Figure 2.3). ER
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random networks are generated by placing |E| edges between randomly selected
pairs of nodes. As a result, node degrees are homogeneous and follow a poisson
distribution with a mean of

2|E|
.
|V |

They have small average path lengths due to

the existence of shortcuts or bridges in the network. On the other extreme is a
regular lattice network. Lattice networks are completely ordered networks (e.g.,
spatial) with each node connected to k of its nearest neighbors, and have high
average path lengths as there are no bridge edges connecting distant nodes. In
between these two extremes lie the small world networks which can be obtained
by randomly rewiring edges of a lattice network with a re-wiring probability of
ρ. As ρ tends to 1, small world networks converge to ER random graphs. Also,
as ρ increases average path length decreases due to formation of shortcuts. Note
that all the three above mentioned networks (ER random, lattice and small world)
have homogeneous degree distributions. Scale free networks have been proposed to
generate topologies with heterogeneous degree distributions. Scale free networks
are generated by preferentially attaching new nodes to high degree nodes, which in
turn results in the formation of few high degree nodes (hubs) and a large number
of small degree nodes. These networks have a low average path length due to
the presence of hubs. The prior discussed network models fail to address another
commonly observed property of several real world social networks: existence of
subgroups/clusters. Clusters are formed such that more edges lie within them as
compared to between clusters. LFR networks have been proposed to address this
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issue. These networks are generated based on number of nodes, mean degree ( hki),
range of cluster size (smin , smax ) and a noise parameter (µ). The noise parameter
determines the fraction of edges between clusters [62]. For our experimentation we
used LFR networks with parameters (µ, smin , smax ) =(0.1,5,10).
For all network topologies we consider various scenarios where the evacuation
region is divided into two regions: high risk (H = 1.0) and low risk (L = 0.001).
We assume there are twice as many low risk evacuees as compared to high risk
evacuees i.e. |VL | = 2|VH |. For random, small world and lattice graphs, the high
risk evacuees are chosen randomly. For scale free and LFR topologies, we consider
two scenarios where high risk evacuees are (a) highly influential (high degree) and
(b) non-influential (low degree). For LFR network, we test an additional scenario
where evacuees belonging to the same community are subjected to high risk. In
summary we have eight scenarios : (1) Random (2) Small World (3) Lattice (4)
ScaleFree (Influential) (5) ScaleFree (Non-Influential) (6) LFR (Influential) (7)
LFR (Non-Influential), and (8) LFR (Community). We test random and centrality
based inhibitor selection strategies on all the scenarios. Given the stochastic nature
of graph generation and evacuee dynamics, experiments are replicated ηg ηd times
where ηg is the number of graph realizations and ηd is the number of diffusion
model replications. For our experimentation ηg and ηd are set to 15, except for
random inhibitor selection strategy in which case ηd is 25. The capacity, C, is
always set to 50.
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(a) Lattice Network

(b) Random Network

(d) Scale Free Network

(c) Small World Network

(e) LFR Network

Figure 2.3. Different evacuee social network topologies.

2.6.1

Effect of evacuee social network topology

The social network of evacuees plays an important role during evacuation as it acts
as a medium for the spread of influence between evacuees. Similar observation is
true for all network topologies and has been validated by several empirical studies
[7, 13]. The peak nature of the loading curve occurs when large groups of evacuees
decide to leave nearly simultaneously. Simultaneous departures occur due to short
paths of influence from evacuated nodes to non-evacuated nodes. One can capture
the existence of short paths by measuring the average path length of the network.
Therefore, we conjecture that short average path lengths of a network can result
in longer travel times. We examine our hypothesis by recording travel times on
several network topologies with varying path lengths. For this analysis we set all
v = 0.001. Figure 2.4 is a plot of path length and average travel time when tested
on similar sized (in terms of number of nodes and edges) lattice, small world, ER
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random, scale free and LFR networks. As expected, there appears to be a strong
inverse correlation between average path length and average travel time. As lattice
graphs have the longest path lengths, they have the lowest travel times. We know
that by randomly rewiring edges, one can generate small world networks. Small
world networks have longer travel times as path length decreases due to rewiring of
edges (formation of shortcuts). In the extreme case of complete rewiring, we get ER
random networks which have the shortest path lengths and the worst travel time
performance. Also, scale free and LFR networks have comparable performance to
ER random network owing to their shorter path lengths.

Figure 2.4. The relationship between average travel time and average path length of
different evacuee network topologies.

2.6.2

Effect of inhibitors on average travel time

We now examine the effect of introducing inhibitors when selected according to
random and centrality based selection (degree and betweenness centrality). In the
centrality based strategy, nodes are ranked according to their centrality scores and
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we observe the effect of inhibitors by varying the number of inhibitors between 0
to 150 in increments of 10. Figure 2.5 illustrates the dependence of average travel
time of evacuees on inhibitors, when tested on different network topologies and
risk distributions. While, the travel time decreases as the number of inhibitors
increases irrespective of network topology. The rate of travel time reduction depends on network topology, risk distribution and inhibitor selection strategy. In the
case of ER random (Figure 2.5(a)) and lattice (Figure 2.5(b)) networks, choosing
inhibitors based on centrality does not result in a major improvement in performance. Small world networks (Figure 2.5(c)) do show improvement with centrality
based inhibitor selection as more central evacuees act as shortcuts for flow of influence. On the other hand, scale free and LFR networks are degree heterogeneous
in nature - there are a few high degree nodes and a large number of low degree
nodes. Therefore, random selection of inhibitors will likely result in the selection
of low degree nodes which will not disrupt the flow of influence from evacuated to
non-evacuated population. For this reason, when the influential evacuees are not
in the risk region, centrality based strategy substantially reduces the travel time
as opposed to random strategy. The degree based inhibitor selection assures that
nodes with higher degree are picked which prevents the spread of influence through
hubs. Both centrality measures perform equally well as degree and betweenness
centrality are highly correlated. However, the average travel time does not change
much with inhibitors when the risk region contains influential evacuees. Highly
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influential evacuee in the risk region causes an uninhibited spread of influence as
they cannot be chosen as inhibitors. Also, Figure 2.5(h) shows that the inhibitors
have a strong impact on LFR network when all members of a community belong
to a risk region. Networks with community structure naturally prevent the flow of
influence as there are not enough edges between communities. Moreover, centrality
based inhibitors selects nodes which acts like bridges between communities which
further reduces the travel time.

2.6.3

Effect of inhibitors on total evacuation time

Evacuation performance can also be measured based on total evacuation time
(TET). In our case, we are only interested in measuring TET of the risk region
as opposed to the entire evacuating population. TET is defined as the total time
elapsed between the first departure and the last departure from the high risk region.
We find that adding inhibitors has two competing effects on TET (a) TET will
decrease as inhibitors will prevent low risk evacuees departing simultaneously with
high risk evacuees (also referred to as shadow evacuation) (b) TET will increase
as inhibitors will increase the average path length between evacuees in risk region.
However, for high risk evacuees, the increase in TET due to average path length is
nullified as the departure decision is dominated by the high threat level ( ). Figure
2.6 illustrates the dependence of TET on number of inhibitors. TET decreases with
number of inhibitors across all scenarios. Similar to average travel time, the rate
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of decrease in TET depends on network topology, risk distribution and inhibitor
selection strategy. Centrality based inhibitor selection strategy results in major
improvement in performance in degree heterogeneous networks like scale free and
LFR (Figures 2.6(d) - 2.6(h)) compared to homogeneous networks like ER random
(Figure 2.6(a)), lattice (Figure 2.6(b)) and small world (Figure 2.6(c)) networks.
In the case of heterogeneous networks, given the same number of inhibitors,
the decrease in TET depends on the connectivity within the risk region. When
the risk region contains influential evacuees (Figures 2.6(e) and 2.6(g)), the shorter
path lengths in risk region result in lower TET as influence spreads faster. Figure
2.6(h) shows that in a scenario where all members of a community belong to the
risk region has a lower TET when compared to just influential evacuees in high risk
region. A community structure in risk region results in higher connectivity than
a few influential evacuees which in turn is more connected than non-influential
evacuees. TET is highest when only non-influential evacuees are in the risk region
(Figures 2.6(d) and 2.6(f)). This is a direct result of the connectivity of evacuees
in the risk region.

2.6.4

Effect of strength of social ties

In this section we study the effect of strength of ties (λu,v ) which is the influence
exerted by node u on v. In previous analysis, all edges were considered to have equal
strengths (λu,v = 1). However, in several real world social networks, nodes often
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belong to clusters or communities. These clusters are often formed on the basis of
racial, sociological or political factors [5, 62]. The social ties within a community
tend to have stronger influences than outside a community. We investigate the
effect of an edge weighting scheme which strengthens edges within communities
and weakens edges between communities. For this analysis, we consider LFR
benchmark networks which have an in-built community structure. Let E in ⊂ E
be a subset of edges which lie within community. We set the strength of an edge
λuv as
λuv =




3|E|

 |E|+2|E
in |





|E|
|E|+2|E in |

if (u, v) ∈ E in

(2.15)

else

Note that both weighted and unweighted networks have the same total strength.
From Figure 2.7, it is clear that evacuation on a weighted network is more efficient than an unweighted network. The introduction of weights strengthens the
connectivity between nodes of a community but weakens the connectivity between
communities. The influence of evacuated nodes spreads rapidly within a community but is restricted across communities. Therefore, the congestion effects are
mitigated with the introduction of weights. We also study the effect of inhibitor
selection on weighted networks. Figures 2.8 and 2.9, illustrates that the effectiveness of degree based inhibitor selection strategy is not exceeded by any of the
weighted inhibitor selection strategies. A simple degree based inhibitor selection
strategy may be sufficient for a large range of topologies.
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2.7

Conclusions

Hurricane evacuation is an important part of disaster management as inefficient
plans lead to loss of life and property. The performance of an evacuation process
is measured in terms of average travel time experienced by the evacuees and the
total time required to evacuate evacuees in high risk region. Travel delays are
caused due to the inability of surface transportation to meet the sudden surge in
evacuee demand. In this work we modeled evacuee departure time decision making
processes to study the effect of evacuee contact network structure on evacuation
performance. In a practical setting, our results are useful in making strategic
decisions regarding additional capacity (e.g. contraflow) by estimating the social
network topology of the evacuating community. For example, a well connected
community (random, scale free networks) is likely to depart simultaneously and
therefore would require additional road capacity. On the other extreme, a community with strong clusters (modular networks) or limited connectivity (lattice
networks) are less likely to have a problem of overloading.
Additionally, we also propose strategies to mitigate overloading by inhibiting
a fraction of evacuee population called inhibitors from evacuating. We show that
inhibiting a small subset of evacuees can significantly improve evacuation performance. Results suggest that evacuee social network with low average path length
and low modularity benefit the most from introducing inhibitors. Both travel time
and total evacuation time decreases with number of inhibitors. The rate of decrease
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depends on evacuee social network topology, risk distribution and inhibitor selection strategy. A simple degree based inhibitor selection works well in all weighted
and unweighted network topologies. Furthermore, inhibitor selection strategy is
immaterial in the case of homogeneous networks like random and small world networks. Given the same number and choice of inhibitors, total evacuation time is
lower when risk region is more connected. Therefore, we want the risk region to
be more connected (lower total evacuation time) but the non-risk region should be
less connected (lower average travel time).
Our inhibitor selection strategies are heuristic and purely based on evacuee social network topology without considering any individual behavioral traits. In the
future, simulation based inhibitor selection strategies should be employed which
explicitly optimize the average travel time [27]. Also, as a part of future work we
would like to analytically show that average travel time decreases with number
of inhibitors for other random network topologies. Other potential future directions involve improved departure time choice models which is history and time
dependent.
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(a) ER Random Network

(b) Small World Network

(c) Lattice Network

(d) Scale Free Network (Non-Influential)

(e) Scale Free Network (Influential)

(f) Scale Free Network (Influential)

(g) LFR Network (Influential)

(h) LFR Network (Community)

Figure 2.5. Average travel time vs. number of inhibitors for different evacuee social
network topologies and inhibitor selection strategies.
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(a) ER Random Network

(b) Small World Network

(c) Lattice Network

(d) Scale Free Network (Non-Influential)

(e) Scale Free Network (Influential)

(f) Scale Free Network (Influential)

(g) LFR Network (Influential)

(h) LFR Network (Community)

Figure 2.6. Total evacuation time vs. number of inhibitors for different evacuee social
network topologies and inhibitor selection strategies.
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(a) Average travel time

(b) Total evacuation time

Figure 2.7. Average travel time and Total evacuation time - Unweighted and Weighted
LFR networks.

(a) Weighted
Influential)

LFR

Network

(Non- (b) Wighted LFR Network (Influential)

(c) Weighted LFR Network (Community)

Figure 2.8. Average travel time vs. number of inhibitors of weighted LFR network
topologies and different inhibitor selection strategy.
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(a) Weighted
Influential)

LFR

Network

(Non- (b) Wighted LFR Network (Influential)

(c) Weighted LFR Network (Community)

Figure 2.9. Total evacuation time vs. number of inhibitors of weighted LFR network
topologies and different inhibitor selection strategy.

Chapter

3

Throttling Based Evacuation Traffic
Control

3.1

Introduction

Evacuation is the process of moving from a source of threat to a safer destination.
Evacuation is usually characterized by chaotic and rapid movement of people.
Congestion has been identified as one of the major impediments during disasters.
Congestion during evacuation is due to the inability of surface transportation to
cater to the demands during rare events like disasters. Hurricanes Katrina and
Rita are examples of recent large scale disasters in the United States with considerable loss of life and property (Katrina caused 1833 deaths and 81 billion in
damages, while Rita caused 120 deaths and 11.3 billion in damages [63]). Reports
indicate that inefficient and delayed deployment of evacuation plans resulted in
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heavy traffic backup on the interstates leading to vehicles travelling at crawling
speeds during both these hurricanes [64, 65, 24]. Traffic managers deploy different
traffic control strategies to mitigate the effects of congestion to improve evacuation efficiency [16]. There are several measures for evacuation efficiency like total
evacuation time (TET), average travel time experience by evacuees, and evacuee
flow rate. In this work we have used TET as our measure for evacuation efficiency.
A few of the popular traffic control strategies are contraflow, staged and simultaneous evacuation, signal control, and traffic routing [16]. The contraflow strategy
reverses unused inbound lanes in the direction of destination to increase traffic
outflow. Staged evacuation aims at better distribution of evacuee demand by issuing evacuation orders zone wise. The signal control strategy attempts to increase
street capacity by implementing an effective signal-timing plan. In traffic routing
strategy the evacuees from overcrowded roads are guided to ones with excess capacity. Of all these control strategies, contraflow has been widely researched and
frequently used in practice [66]. Despite its advantages, there have been incidents
in the past where contraflow has failed to be rewarding. During hurricane Ivan
contraflow created havoc due to lack of coordination between officials. Some of the
outbound links were directed onto inbound lanes which were still not reversed [67].
This created a lot of commotion leading to increased evacuation time. Most of the
existing traffic control strategies are based on two critical assumptions: altruistic
evacuee behavior, and accuracy of forecasted data. Moreover, during evacuation
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evacuees behave non-altruistically i.e. try to optimize their individual utility (e.g.
travel time) at the possible detriment of overall system performance [20]. Other
factors such as the nature of the disaster and the geographical topography further
complicate the evacuation process. This motivates the need for more realistic traffic control strategies during evacuation.
In this work

1

we propose a new traffic control strategy called throttling, which

considers non-altruistic behavior of evacuees. Furthermore we test its effectiveness
on a toy network and a more realistic Sioux falls network [68] using a microscopic
agent based simulation (ABS) evacuation model. Throttling involves closing a
road segment temporarily when its congestion level reaches an upper threshold
and opening it when congestion level falls below a lower threshold. Throttling is
a simple strategy which can be implemented dynamically in real time. Throttling
is counter intuitive as we are reducing the capacity of a road segment i.e. we are
rendering a road segment inactive even before it reaches its full capacity. This approach prevents congestion on road segments preventing slowdowns and improving
evacuation efficiency. Our results demonstrate that throttling improved the system performance in both toy network and Sioux falls network. It is observed that
the total evacuation time for throttling and contraflow were comparable in the toy
network scenario.

This work has been published in Winter Simulation Conference Madireddy, M., D. J.
Medeiros, and S. Kumara (2011) An agent based model for evacuation traffic management,
Winter Simulation Conference [26]
1
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3.2

Background Literature

There are a number of evacuation models available in the literature; Section 3.2.1
provides an overview of these with a focus on ABS evacuation models. Section 3.2.2
describes different traffic control strategies with emphasis on contraflow strategy.

3.2.1

Existing Evacuation Models

Evacuation models can be classified by level of abstraction into macro, meso or
micro level. Macro level evacuation models represent traffic flow in terms of traffic
density, average speed of vehicles, and average congestion on a traffic network.
Meso level models aggregate traffic as platoons. Most of the models at these two
levels are formulated as a network flow or traffic assignment problem [69, 70, 1].
In micro level simulation models, modeling is done at individual vehicular level.
ABS models have become tools for community leaders, disaster managers, and
traffic managers as they are helpful in preparing for a disaster by answering a
number of ”what-if” questions [71]. The main advantage of ABS is its potential
to reveal the system level collective behavior while just modeling individual agent
behavior. Zhang et al. [15], built an ABS model to study human behavior under
disaster condition. Their model has three different types of agents: normal agents
who stick to their initial route, 100% greedy agents who change route every time
they come across congestion and 50% greedy agents who change route 50% of the
times they face congestion. They show that system performance (i.e. total evac-
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uation time) declines as the proportion of greedy agents increases. The agents in
our current model start with an initial route choice which is the shortest distance
path and dynamically re-route themselves whenever faced with congestion. All
the agents in our model are greedy. However, rerouting decisions and path are
computed based on global congestion levels as opposed to greedy agents in Zhang
et al. (2009) which consider only local congestion levels. We assume that global
congestion level information is available to all users. This assumption is justified
because of the radio updates and GPS.
The most common metric used in evacuation papers is TET, defined as the total time elapsed between the first evacuee leaving the source to the last evacuee
reaching the destination [72]. The problem of multiple destinations can be converted to a single virtual destination problem using the concept of one destination
evacuation described by Wang et al. [73].

3.2.2

Control Strategy

During a disaster certain road segments need to serve demands that are higher than
the capacity they were built for. This causes congestion leading to increasing travel
times. Traffic managers apply numerous control strategies to improve evacuation
efficiency. In this section we will describe three control strategies traffic routing,
signal control, and contraflow [16]. Except for contraflow, the other control strategies aim at using the available road network more efficiently. In contraflow the road
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network is redesigned to meet the evacuee demand. The contraflow strategy has
been implemented during several hurricanes and is considered a potential remedy
for disaster evacuation [29, 24].
All the evacuation strategies are either staged or simultaneous. Staged evacuation
aims at distributing evacuee demand over time. In this strategy the traffic manager(s) divide the affected area into zones. Each zone is issued evacuation order at
different times based on levels of urgency [74, 75]. In simultaneous evacuation as
the name suggests all the evacuees in the affected area are issued evacuation order
at the same time. The ABS evacuation model we built is a no notice simultaneous
evacuation model.
In traffic routing strategy, the traffic manager uses the available road network
more efficiently by distributing the evacuee demand across different routes. This
is achieved by guiding the evacuees from overcrowded roads to ones with excess
capacity. Signal control strategy during evacuation is used to increase the capacity
of road segments by implementing an effective signal-timing plan. It can also be
used in providing easy access to/from evacuation routes and preventing bottlenecks
at access points. The contraflow strategy tries to minimize the total evacuation
time by identifying the best network configuration created by reversing the unused inbound lanes in the direction of the destination [76, 24]. This increases the
capacity of outbound road segments and the traffic outflow. It has been successfully employed during several hurricanes including Floyd, Katrina and Rita [67].
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Nowadays, contraflow is also being used during non-emergency situations including before or after special events and to meet the morning and evening rush hour
demand. Most of the models in the literature dealing with the contraflow problem
are macro or meso level analytical heuristic based models [24, 76, 65]. There are
a few micro level simulation models; these models have mainly been used to compare different contraflow configurations for the road network or compare base and
contraflow configuration. All these contraflow models are static in nature meaning
the traffic manager cannot change the network configuration in real time looking
at the evacuee behavior. The following are some of the most popular micro level
contraflow models. Theodoulou and Wolshon [77, 78, 79] developed a CORSIM
microsimulation model with the objective of improving the understanding of traffic behavior under contraflow evacuation conditions; they modeled Interstate I-10
through New Orleans. During hurricane Floyd the North Carolina departments
of transportation and public safety with assistance from other departments implemented lane reversal on I-40. This lane reversal was not beneficial. In order
to understand the reasons behind this failure researchers built an ABS evacuation
model in CORSIM. The model was also used to compare the three alternative contraflow topologies proposed. This work provided the officials with better insights
and was able to help them identify the best contraflow configuration [80]. Meng et
al. [81] developed a bi-level solution algorithm which is a combination of IP and
microlevel simulation. The IP model solves the contraflow problem and identifies
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the reconfigured network. The micro simulation model (built using PARAMICS)
takes this reconfigured network as input and evaluates real evacuee behavior on
it. The output of the simulation model is the total evacuation time. The algorithm iterates until the stopping criteria is met (number of iterations, or percentage
improvement).

3.3

Motivation

Various control strategies for traffic management now exist to improve evacuation
efficiency. However, they are based on two critical assumptions: altruistic evacuee behavior, and accuracy of forecasted data. Most evacuation models assume
evacuees sometime take longer routes in order to improve the overall system performance. In real evacuation scenarios, evacuees behave non-altruistically trying
to take the shortest time path to destination while also responding to system conditions [20]. Also, owing to the uniqueness of disasters, accuracy of forecasted data
is highly questionable. These observations serve as a motivation for our real time
control strategy throttling. Throttling was initially developed to deal with unruly
computer programs and is currently being used for the containment of computer
viruses. In this work for the first time are trying to apply this strategy towards
traffic management. The central idea of throttling w.r.t. computer viruses is to
limit the number of new connections a computer can make with other machines
in a given time period [82] by decreasing the outgoing bandwidth. Analogously,
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we block a road segment once its congestion level reaches an upper threshold and
unblock it when the congestion level reaches a lower threshold. Throttling is simple, decentralized, relatively inexpensive to employ, and can be implemented in
real time reacting to the evacuee behavior. Moreover, it can be used in harmony
with other static control strategies like contraflow to further boost the system
performance. Throttling is similar to a closed loop feedback controller like the
one in a heating thermostat. The controller in a thermostat tries to maintain the
temperature near a desired set point by comparing it to actual temperature (feedback). In the case of throttling the traffic manager (controller) tries to keep the
congestion level on road segments below an upper threshold by comparing it with
current road congestion level. We use two thresholds (upper and lower) to prevent
excessive state switching.

3.4

Model Description

Prior to model description, we will introduce notations that will be useful for
the rest of the chapter. We represent our road network using a directed graph
G(V, E), where V is a set of nodes that represents road intersections and E is a
set of all the links that represent road segments. Each node v ∈ V , is given a
location (x-coordinate, y-coordinate), and assigned a type (source, transshipment,
or destination). Additional information about the fraction of evacuee vehicles
generated is provided for each source node. We assume that all evacuee vehicles
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depart simultaneously towards the destination. Each link e ∈ E, has a length (le ),
capacity (Ce ), number of lanes, congestion level (ρe ) as attributes. The length
of the link is determined by the coordinates of its end points. The capacity of a
link is defined as the maximum number of cars that can fit on a link and can be
calculates using

Ce =

le ∗ number of lanes
Ce

The congestion level on a link is defined by the number of cars on the link.
More formally,

ρe =

number of cars on link e
Ce

To systematically study the effectiveness of throttling control strategy we build
agent based simulation (ABS) evacuation model. The main advantages of ABS are
that we can model individual agent behavior and study the emergent system level
dynamics in the evacuation environment. More importantly, ABS also helps in answering a number of what-if questions regarding various control strategies [71, 83].
We model traffic at a single vehicle level. The model considers vehicles (modeled
as cars) to be intelligent agents carrying evacuees from a source to a destination
following a certain set of rules. These autonomous agents make dynamic route
choices based on the congestion level on roads and the shortest time to the desti-
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nation. This is a possibility in todays world as most cars are equipped with radio
and GPS. Drivers can perceive road conditions by listening to updates on radio
and identify best alternate routes with the help of GPS. Our model also considers
the transportation manager as an intelligent agent who implements throttling dynamically as the evacuation system behavior evolves.
The ABS evacuation model is built using NetLogo (Wilensky 1999). The model
contains the following modules (i) Evacuee vehicle movement behavior, (ii) Evacuee vehicle route choice, and (iii) Control Strategy.
Evacuee vehicle movement behavior. This module describes the movement
of an agent on a road segment. Every vehicle first checks for nearest vehicle in
front of it. If there is no vehicle ahead, it accelerates up to the speed limit of the
link. Otherwise, the vehicle adjusts its speed such that its distance traveled in unit
time is less than the distance to the vehicle ahead. These movement rules help in
avoiding collisions.
Evacuee vehicle route choice. Evacuee vehicles move from source of threat
to destination making dynamic route choices. Generally, total travel time is a
function of distance traveled and the congestion level. Drivers have been modeled
to be greedy as they prefer to maximize their utility i.e. reduce their total travel
time by picking the shortest time path. Also, they are non-strategic as they do
not consider the route choices of other agents when choosing their routes. All the
agents start from source with an initial route choice, which is the shortest distance
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path. Vehicles reroute themselves if they encounter a congested link in their initial route. Link is said to be congested if it reaches its maximum capacity. The
new routes are calculated assuming the congested links are not available. All the
shortest path computations are based on Dijkstras algorithm.
Control strategy. In this work we propose a new control strategy called throttling. Throttling is enforced by the traffic manager on the road network to improve
the evacuation efficiency. In this strategy, the transportation manager blocks a road
segment e at time t, if congestion level on a link reaches upper threshold (U T ).
Blocking rule: If ρe (t − 1) < U T, ρe (t) ≥ U T , then block road segment e
A transportation manager unblocks a blocked link e at time t, if congestion level
on the link falls below the lower threshold (LT ).
Unblocking rule: If ρe (t − 1) > LT, ρe (t) ≤ LT , then unblock road segment e
This strategy helps in preventing the road segments from getting over congested
which can lead to longer travel time. This approach also aims at efficiently using
the underutilized road segments.

3.5

Experimentation and Analysis

In this section we study the effect of different network topologies, population distribution and evacuee behavior on evacuation efficiency. Furthermore, we investigate
the effectiveness of throttling control strategy on the evacuation process. We use
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(a) Toy Network

(b) Modified Toy Network

(c) Toy Network - Contraflow

Figure 3.1. Toy Network Topology - NetLogo Screenshots. There are three types of
nodes: Source nodes (Green squares), Transient nodes (Black circles), and Destination
node (Red triangles). There are two types of links: Blocked (Red) and Unblocked
(Black). (a) Toy Network Topology. (b) Modified Toy Network. (c) Toy Network
Topology Contraflow - directed graph with link width doubled (compared to Figure
3.1(a)) as the number of lanes are doubled.

Total Evacuation Time (TET) as an indicator of system performance. Several
settings of throttling control parameters (U T, LT ) were analyzed and the performance was compared to the base case (without throttling) and the contraflow
control strategy. The base case is a particular instance of the control parameters
where, U T = LT = 1. We have used an artificial toy network and a more realistic
Sioux Falls network as our test cases.
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In all our experiments, the control parameters (U T, LT ) were varied such that
U T ∈ {0.1, 0.2, . . . , 1}, LT ∈ {0, 0.1, . . . , 1} and LT ≤ U T . The model parameters are set as follows speed-limit=20m/s, acceleration=1m/s2 , car-size=4m, total
population=1000 (2000 in the case of Sioux Falls). Each experiment is replicated
three times to obtain statistical significance. Note that randomness in our model
is due to the presence of alternate shortest paths and the behavior of evacuees at
intersections. In the case where more than one car enters an intersection at the
same time, a choice of which car leaves first is made randomly. Further analysis
was performed to capture the effect of initial evacuee car locations and presence
of alternate paths on the throttling control strategy.

(a) Toy Network - Traffic Flow

(b) Toy Network - Throttling

Figure 3.2. (a) Figure shows evacuee vehicles interacting with each other and the road
network. All the cars from node 1, 2 and 3 are trying to take the shortest route path.
(b) The road segments that are leading to node 4 are throttled by the traffic manager
as they reach maximum capacity. This forces the cars to take alternative routes.
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3.5.1

Application of Throttling in the Toy Network

During evacuation several factors like evacuee behavior, initial evacuee population
distribution, and number of alternate routes to the destination impact TET. We
consider an artificial toy road network (Figure 3.1(a)) to understand the impact
of these factors on TET. The toy network has three source nodes 1, 2, and 3 from
where a given fraction of the total population (0.3, 0.4, and 0.3 respectively) begins
their evacuation.

Figure 3.3. Contour Plot of Percentage Improvement of Total Evacuation Time - Toy
Network.

In order to analyze the dependence of TET on the choice of (U T, LT ) we consider on the toy network. The TET for the base case was found to be 2634 and
the lowest value of 1368 was obtained at a combination of (0.1, 0.1). The control
parameter setting (0.1, 0.1) indicates that a road segment will be blocked once its
congestion level goes beyond 0.1 and will be unblocked when the congestion level
reaches or goes below 0.1. From the Figure 3.5.1 one can observe a general trend of
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Figure 3.4. Passenger Threshold vs TET - Toy Network.

increasing percentage improvement (w.r.t base case) as U T decreases. Percentage
improvements of 25% or more were obtained at lower values of U T (≤ 0.4). In
other words, as the degree of throttling increases, performance of the system improves. This observation is dependent on the topology of the network. Notice that
Node 1 has two paths leading to the destination P1:1-4-7 and P2:1-5-7. Although,
path P1 is shorter it is heavily congested as traffic from nodes 2 and 3 will use
the common link 4 − 7 (refer Figure 3.1(a)). The greedy usage of path P1 leads
to higher TET values. On the other hand, the uncongested path P2 is sparingly
used. Our throttling control strategy mitigates the congestion effect by forcibly
closing the road segments leading to node 4 (refer to Figure 3.2(b)). This forces
the agents to use alternative path P2 and as a consequence, improve system wide
performance. It is worth mentioning that for some agents, the individual travel
times will increase as they are forced to take a longer path.
During evacuation evacuees tend to behave non-altruistically trying to take the
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shortest time path to the destination. We know that travel time depends distance
and congestion level. Evacuee’s tolerance to congestion is called passenger threshold (P T ). In modeled ABS evacuation model, evacuees are homogeneous agents
i.e. all the evacuees behave similarly. Evacuees will deem a road segment congested
if it’s congestion level exceeds P T . By default P T is set to 1 i.e. evacuees will
use the road segment till it reaches its capacity. In the case of the toy network,
if all the evacuees are insensitive to congestion i.e. make their decision just based
on distance, this will cause congestion on road segment 4-7 leading to increased
travel time as can be see in Figure 3.2(a). As evacuees sensitivity to congestion
increases evacuees tend to explore alternate routes resulting in distributed traffic flow resulting in decreased travel time. In other words, As evacuees tolerance
towards congestion increases, they make their routing decisions entirely based on
distance, this results in over utilization of certain road segments and travel time
delays. From Figure 3.5.1 we see that TET increases with P T . We also found
that throttling is more effective when evacuees are insensitive to congestion i.e.
throttling was more effective for lower values of P T .

We now test the effect of initial evacuee population distribution on our throttling strategy. We varied the fraction of initial evacuee population at each source
location under different throttling strategies and the resulting TET values are
summarized in Figure 3.5. For this particular topology, it was observed that the
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Figure 3.5. Effect of initial evacuee population distribution on TET at different levels
of throttling.

lowest value (represented by the red cells) for all initial evacuee population settings occurred when (U T, LT ) = (0.1, 0.1). These preliminary results indicate that
throttling is not sensitive to initial population locations.

Figure 3.6. Contour Plot of Percentage Improvement of Total Evacuation Time Modified Toy Network.

We now investigate the effect of the presence of alternate shortest paths on
throttling. To this effect, we modified the topology of the test network by re-
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moving a path leading to the destination (refer to Figure 3.2(b)). The maximum improvement in TET when compared base case is 23% which occurred at
(U T, LT ) = (0.1, 0.1) (refer Figure 3.5.1). Note that the improvement has come
down from 48% due to the absence of alternate paths. We expect this trend to persist in any topology as the presence of alternate paths is critical to throttling. The
reason is that without other paths, there is no other outlet for congested vehicles.

Figure 3.7. Sioux Falls Network Topology - NetLogo Screenshots. There are three
types of nodes: Source nodes (Green squares), Transient nodes (Black circles), and
Destination node (Red triangles). There are two types of links: Blocked (Red) and
Unblocked (Black).
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3.5.2

Application of Throttling in the Sioux Falls Network

As mentioned earlier the effect of throttling is dependent on network topology.
We applied throttling to a more realistic network Sioux Falls (Bar-Gera, 2001).
We used the same model parameters as in the test network except for the total
population which was set to 2000. In our simulation we considered all the peripheral nodes to be source nodes generating the same fraction of the population. The
green node at the top is the destination node (Figure 3.7). The TET for base
case was 3345. The TET for each combination of (U T, LT ) was obtained and the
lowest TET of 3085 was achieved at (0.2, 0). The contour plot with the percentage
improvement wrt base case can be seen in Figure 3.8. Unlike in the test network
case there is no general trend observed. In any general transportation network
we cannot expect any particular trend between TET and the control parameters
(U T, LT ).

Figure 3.8. Contour Plot of Percentage Improvement of Total Evacuation Time - Sioux
Falls Network.
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3.5.3

Comparing Throttling and Contraflow

The toy test network was modified to implement static contraflow. This was done
by changing the direction of all the inbound links towards the destination. In
Figure 3.1(c), it can be observed that the link widths are doubled as the number of
lanes is doubled. The TET obtained in the case of contraflow was 2.78% better than
throttling with the values of 1330 ± 1.96 and 1368 ± 1.96 respectively. Indicating
throttling and contraflow are comparable approaches. Though contraflow performs
better than throttling, implementing contraflow maybe more cumbersome. As a
last part of our analysis we applied throttling to the static contraflow network.
The lowest TET was obtained at (0.2, 0.2) and is 759 ± 1.96. This shows that
the combination of throttling and contraflow yields significant improvement over
throttling or contraflow implemented independently (refer to Figure 3.9).

Figure 3.9. Comparing Throttling, Contraflow and Combination - Toy Network.
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3.6

Conclusion

In this work we proposed a new control strategy called throttling. Using an ABS
model, we demonstrated that throttling results in reduction of TET compared to
base case (non-throttling). Furthermore, the performance of throttling depends
on transportation network topology and evacuee behavior. Also the choice control
parameters are insensitive to minor perturbations in initial evacuee population.
In throttling control strategy certain road segment(s) are temporarily closed and
opened based on their congestion level. This switching of states of certain road
segments (close and open) is hard to implement in reality. Additionally, it would
require to be effectively communicated with the evacuees. These two issues illustrate that throttling strategy might be harder to implement. In order to overcome
the practical issues we propose blocking control strategy (discussed in Chapter 4),
which is an extension of throttling control strategy.

Chapter

4

Blocking based Evacuation Routing

4.1

Introduction

Evacuation is an importation aspect of disaster management. Evacuation is a process of moving from a source of threat to a safer destination. During evacuation
certain road segments are forced to meet demands that are much higher than the
capacity they were built for. This causes congestion leading to travel time delays and increased total evacuation time (TET). Suggesting efficient traffic control
strategies are mandatory to improve efficiency of an evacuation process. Traffic
managers apply numerous control strategies during evacuation, some of the popular ones are traffic routing, signal control and contraflow [16]. Most of the traffic
control strategies aim at utilizing the available road network more efficiently like
traffic routing and signal control. On the other hand control strategies like contraflow and throttling improve evacuation by modifying the topology of the road
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network. Inspite of all the effective traffic control strategies, travellers experience
congestion and travel time delays. There are several reasons that result in evacuation inefficiencies one of the main reason is congestion. During evacuation evacuees
tend to behave non-altruistically i.e. they try to minimize individual travel time
to the destination while responding to system conditions [20]. Most of the existing
traffic control strategies assume altruistic evacuee behavior. This suggests that we
need more realistic traffic control strategies.
In this chapter we present a new control strategy called blocking and test its effectiveness using a realistic discrete event simulation based evacuation model. Blocking involves closing a road segment for the entire duration of evacuation. This
strategy is an extension of throttling control strategy [26], where we close and open
a road segment based on its congestion level. Blocking is motivated from Braess
paradox which states adding extra capacity to a road network when the moving
entities selfishly route themselves doesnot always improve the overall performance
of the system [84]. In other words, decreasing the capacity may sometimes improve
the overall system performance.
The rest of the chapter is organized as follows: we discuss existing traffic control
strategies in section 4.2, discuss our evacuation model in section 4.3 and proposed
strategy and algorithm in section 4.4. In Section 4.5 and section 4.6 we present
experimental results and a case study on Monticello, MN respectively. We end
with conclusion and future work in section 4.7.
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4.2

Related Work

Evacuation models can be classified into macroscopic, mesoscopic or microscopic
based on level of traffic abstraction. Macroscopic traffic flow model were the earliest and motivated by the flow of a fluid. Traffic flow is mathematically represented
by the relationship between traffic flow characteristics like density, flow, mean
speed and congestion of the transportation network [85]. Macroscopic models do
not have the capability of keeping track of individual driver behavior. This modelling approach is computationally cheap. Microscopic models attempt to model
the motion of individual vehicles within a system. Microscopic models were developed with the objective of improving the understanding of traffic behavior and
perform ”what-if” analysis [86]. It is computationally very intensive. Mesoscopic
models are a hybrid between macroscopic and microscopic models. In mesoscopic
model traffic is modeled at an aggregate platoons (i.e. group of vehicles) level [87].
In mesoscopic models evacuees are tracked individually but they move in groups
according to macroscopic relationship.
During evacuation traffic managers employ numerous control strategies like traffic routing, staged evacuation, contraflow and others. In traffic routing, evacuees
from overcrowded roads are guided into ones with excess capacity [88]. A traffic routing mechanism optimizes some predefined performance measurements (like
TET, average travel time and so on) for the entire evacuation operation with the
approximated network traffic demand. Traffic demand can be approximated using
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network flow [89, 90] or dynamic traffic assignment (DTA) models [3, 1]. Most of
the traffic routing models are macroscopic or mesoscopic. Both these classes of
models can be addressed from both analytical [23, 25, 91] and simulation based
approaches [92, 52]. In contraflow the road network is redesigned to meet the evacuee demand. In contraflow unused inbound lanes are reversed in the direction of
destination to increase traffic outflow. Contraflow has been successfully employed
during several hurricanes including Floyd, Katrina and Rita [67, 93]. Most of the
models in the literature dealing with the contraflow problem are macro or meso
level analytical heuristic based models [65, 76, 24]. There are a few micro level
simulation models; which are mainly used to compare different contraflow configurations for the same road network or compare base and contraflow configuration
[78]. Staged evacuation aims to achieve more efficient evacuation by distributing
evacuee demand over time [94]. In staged evacuation traffic manager(s) divide the
affected area into zones. Each zone is issued evacuation order at different times
based on levels of urgency [56, 95, 3]. By restricting unnecessarily early evacuation
of low urgency areas, staged evacuation can effectively limit the surge in evacuation demand by reducing overall network congestion. Signal control strategy
is used to increase the utilization of arterial road segments by implementing an
effective signal-timing plan [16]. Signal control has been widely accepted as an
effective strategy to increase arterial capacity and to mitigate congestion during
daily traffic scenarios. For evacuation operations, noted that a good timing plan
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could increase the capacity of local streets that provide access to/from evacuation
routes and prevent bottlenecks at their access points. The current studies in this
regard are quite scarce and mostly along the following two lines: 1) to apply simplified controls based on experience, and 2) to apply standard signal optimization
practices for normal traffic conditions, but with a high demand [95, 96]. In throttling control strategy a road segment is temporarily closed when its congestion
level reaches an upper threshold and opening it when congestion level falls below
a lower threshold [26]. Throttling is a simple strategy which can be implemented
dynamically in real time. Furthermore, it can also be used along with other traffic control strategies like contraflow to further improve evacuation. Throttling is
counter intuitive as we are reducing the capacity of a road segment i.e. we are
closing a road segment even before it reaches its full capacity. This prevents the
road segments from getting over congested, and thus avoiding slowdowns on the
segment which can increase evacuation times.

4.3

Model Description

We have developed a discrete event simulation model to analyze the evacuation
process. There are two major components of a model - evacuee travel mechanics
and evacuee route choice. The travel mechanics define the physical constraints
which the evacuees have to satisfy when flowing through the road network. On
the other hand, the route choice model describes the logic employed by an evacuee
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to choose it’s evacuation route. Note that choice of a route may depend on the
behavior of other evacuees and the network topology. We now introduce some
notation which will be used in the rest of the chapter. Let G denote the road
network where E(G) is the set of road segments which connect set of vertices
V (G). Each vertex can be: (a) intersection of road segments (b) source ( S ⊂ V )
of evacuee population or (c) a destination vertex (v∗ ). Each source s ∈ S has a
population ps . Each edge (u, v) has a capacity of cuv and a free flow travel time
0
. At any time t, let fuv (t) be the flow on a link uv in graph G.
τuv

4.3.1

Evacuee Travel Mechanism

Every road segment uv is assumed to consist of two sections: (a) uncongestable
section of the road, and (b) a point queue near intersection u occupying an infinitesimally small space. One way to visualize point queues is a pile up of cars
towards the end of the segment. Although point queue models may seem simplistic, they provide a good starting point for building simple traffic models which can
provide insights into complex and emergent traffic flow patterns. After entering
a road segment, all vehicles travel at free flow speed until they reach the end of
the segment uv. If the intersection u is blocked by another vehicle or if the down
stream link is operating at capacity, then the vehicle on road segment uv is put on
point queue Qu . An evacuee moves from one link (say uv) to another (say vw)in
two steps:
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1. If the intersection is free, then move into intersection v. We assume that it
takes a non-zero time (∆τ ) to move into an intersection. Such an assumption
helps resolve simultaneous arrivals at a node. If multiple road segments lead
to intersection v, then an evacuee is allowed to move to intersection on a first
come first serve basis.
2. Determine the next travel link (see section 4.3.2). If space available on link
vw, then begin free flow travel. Else, wait at intersection v till space is
available on vw.
In summary, evacuees on a link can be either traveling at free flow speed,
waiting in point queue to get to the intersection or waiting at the intersection to
gain access to the down stream link. Note that total number of evacuees in any of
the three aforementioned states cannot exceed the capacity of the link. Due to the
capacity restriction, traffic spill backs occur and jams are propagated upstream.

4.3.2

Evacuee Route Choice

Each evacuee’s objective is to reach from a source vertex to the destination in minimum time. Evacuee is assumed to have complete information about the topology
of the network. This is a reasonable assumption as evacuees typically reside in the
evacuation zone and have experience driving on surrounding road segments. In
order to achieve minimum travel time, an evacuee should always choose to travel
via the shortest time path. However, if the evacuee accounts for congestion re-
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lated delays then it may dynamically choose to reroute it self through a path with
less congestion. Note that evacuee’s new path may have a longer free flow travel
time. Let (Xi ∈ {0, 1}) denote a random variable which denotes if an evacuee is
sensitive to congestion delays(Xi = 1). Furthermore, let P r(Xi = 1) = α where
α can be interpreted as the fraction of evacuees who are sensitive to congestion.
Evacuee is assumed to have incomplete information about the current traffic conditions across the transportation network. In fact, an evacuee only knows about
the traffic densities of immediate downstream links. As a result one may decide
to dynamically reroute themselves based on the traffic conditions. Specifically, an
evacuee i at intersection v will choose its next node based on node choice function
Li (v, t) which is defined as

0
Li (v, t) =w:(v,w)∈E(G) τvw
+ τw∗ + M Xi 1{fvw (t)=cvw }

(4.1)

where τw∗ is the shortest time to destination v∗ from intersection w assuming decongested links and M is a very large number. Ties are randomly broken. Note
that the choice of downstream links depends implicitly on time as congestion levels are time dependent. The route choice function indicates that evacuees who are
not sensitive to congestion will always choose the shortest time path irrespective
of traffic conditions. On the other hand, congestion sensitive evacuees will deviate from shortest time paths once they encounter fully congested links. They will
specifically choose the next shortest path available from current intersection. In
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order to prevent evacuees from cycling in the transportation network, we explicitly
disallow them from visiting a node they have already visited.

4.3.3

Evacuation Performance function

Let T ET (G, S, v∗ , p, c, α, τ 0 ) be the expected evacuation time which depends on
topological parameters (G, S, v∗ , c, τ 0 ), population distribution (p) and on probabilistic evacuee behavior (α). Evacuation time is defined as the time until all
evacuees have evacuated.
NODE ARRIVAL EVENT(Node u, Time t)
Evacuee e = Qu .getHead()
Compute next node using Eq4.1, say v.
e.setNextNode(v)
if fuv < cuv then
Schedule NODE DEPARTURE EVENT(u,t)
end if
Figure 4.1. Node Arrival Event

4.3.4

Implementation

Our evacuation simulation model is a discrete event simulation model with the
three events namely - (1) Node arrival, (2) Node departure and (3) Link departure.
The pseudo codes of the events are shown in Figures 4.1-4.3. We store next node
and previous node as attributes for each evacuee. The simulation is initialized
by creating and storing ps number of evacuees in queue Qs ∀s ∈ S. Then, a
node arrival event is scheduled in each of the source nodes. A node arrival event
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NODE DEPARTURE EVENT(Node u, Time t)
Evacuee e=Qu .removeHead()
Node z=e.getPreviousNode()
if z!=null then
fzu − −
Evacuee e0 =Qz .getHead()
if e0 !=null AND e0 .getNextNode()==u then
Schedule NODE DEPARTURE EVENT(z,t)
end if
end if
e.setPreviousNode(u)
Node v=e.getNextNode()
0
Schedule LINK DEPARTURE EVENT(e,uv,t + τuv
)
fuv + +
if !Qu .isEmpty() then
Schedule NODE ARRIVAL EVENT(u,t + ∆τ )
end if
Figure 4.2. Node Departure Event

LINK
DEPARTURE
EVENT(Evacuee
e,
t)
if v == v∗ then
fuv − −
if !Qu .isEmpty() then
Schedule NODE DEPARTURE EVENT(u,t)
end if
else
if Qv .isEmpty() then
Schedule NODE ARRIVAL EVENT(v,t + ∆τ )
end if
Qv .add(e)
end if

Link

uv,

Time

Figure 4.3. Link Departure Event

consists of an evacuee computing it’s next node based on the route choice function.
If the next link is not fully congested then a node departure event is scheduled for
the evacuee. A node departure event schedules a link departure event for the
current evacuee and pulls the next evacuee from the point queue by scheduling a
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node arrival event. In addition, an evacuee departing from a node looks back at
its previous node to check for any impending departures. Finally link departure
events schedule node arrival events at the recently arrived node.

4.4

Topology Control Strategy

The objective of a topology control strategy is to modify the topology so as to
minimize total evacuation time. During evacuation evacuees tend to behave nonaltruistically and try to take the shortest time path to the destination. Such a
greedy behavior of evacuees usually causes over utilization of certain road segments
and under utilization of others rendering an evacuation process inefficient. In order
to avoid uneven distribution of traffic, we propose blocking traffic control strategy.
The main idea is to restrict the usage of certain links for the entire duration of
evacuation. The objective of blocking is to minimize total evacuation time by
distributing the traffic flow more evenly across the transportation network. This
strategy is motivated from Braess paradox which states adding extra capacity to a
road network when the moving entities selfishly route themselves does not always
improve the overall performance of the system. In other words, decreasing the
capacity sometimes improves the system performance. Let us use a toy network
in Figure ?? to illustrate blocking. The network has three source nodes 1, 2 and
3, and a destination node 7. At α = 0, all evacuees from source nodes try to take
shortest time path to the destination (1-4-7, 2-4-7 and 3-4-7) which contains road
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segment e4,7 . This causes congestion on e4,7 (refer Figure ??) resulting in a TET
of 86.4 mins. Applying proposed algorithm to this flow pattern it identifies e4,7 as
the candidate link. On blocking link e4,7 there is a change in flow pattern (1-5-7, 24-1-5-7 or 2-4-3-6-7 and 3-6-7) as seen in Figure ?? and a 34.3% reduction in TET.
As α increases more and more evacuees reroute themselves using alternate less
congested paths, resulting in a more even traffic flow distribution. This suggests
that effect of blocking will reduce with α (Figure ??). As modifying topology is
costly, we impose a restriction that at most k links can be blocked. The natural
next question would be how do we pick the links to be blocked. In order to answer
this question, we pose the problem as the following (simulation based) optimization
problem,
min

G:G⊆G0 ,|E(G0 )|−|E(G)|≤k

T ET (G; S, v∗ , p, c, α, τ 0 )

(4.2)

where G0 is the original unmodified topology and G is the optimal topology. The
solution space consists of

|E(G0 )|
k



possible link combinations making a brute force

search intractable. In order to efficiently navigate through the search space, we
use a steepest descent algorithm to select links to block.
The general idea is to remove one link at a time which results in maximum
improvement. This process continues until we have removed all k links or there
is no further improvement due to link blocking. Note that new links are closed
only if they produce a minimum improvement of . In each iteration, we evaluate
total evacuation time when each link is removed. Therefore, during ith iteration,
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(|E(G0 )| − i) evaluations of the simulation model need to be performed. The total
time complexity when a total of k edges can be removed is given by O(k|E(G0 )| −
k(k−1)
).
2

The obvious drawback of the greedy approach is that an edge once removed

cannot be added back to the network. As a result, the proposed algorithm can
result in sub optimal solutions.
In order to further speed up the process, we observe that removing unused links
(flow fu,v = 0) or links which result in disconnected graph can never lead to
improvement. The above described steepest descent algorithm is summarized in
Algorithm 2.
Algorithm 2 Greedy Algorithm - Blocking
Input : G0 , S, v∗ , p, c, α, τ 0 , 
Output : The modified topology G
Let G = G0
repeat
Compute τ old = T ET (G; S, v∗ , p, c, α, τ 0 )
Compute confidence interval [τ old , τ old ]
Let Eused (G) = {(u, v) ∈ E(G) : fuv > 0 and G − (u, v) is connected}. If Eused
is empty then RETURN G.
for all (u, v) ∈ Eused (G) do
new
= T ET (G − (u, v); S, v∗ , p, c, α, τ 0 ).
Compute τuv
new
Compute confidence interval [τ new
uv , τ uv ]
end for
Let Ecand (G) = {(u, v) ∈ Eused (G) : τ old > τ new
uv }.If Ecand is empty then exist.
∗
new
new
Let (u, v) = argmin(u,v)∈Ecand (G) τuv . If τuv∗ ≥ τ old −  then RETURN G.
G = G − (u, v)∗
until (|E(G0 )| − |E(G)| < k)
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4.5

Experimentation

In this section we study the effect of different network topologies and population
distribution on evacuation efficiency. Furthermore, we also investigate how traffic
control strategies, blocking and contraflow help improve TET. As our evacuation
model is stochastic (due to probabilistic evacuee behavior) each simulation is initially replicated 5 times. Further replications are performed as required based on
Bonferroni two stage procedure with parameter (=0.1).

(a) Grid Network

(b) Grid Network -Diagonal

(c) Grid Network -Upper Triangular

(d) Radial

Figure 4.4. Network Topologies.
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4.5.1

Effect of Network Topology on TET

In this section we study how network topology and evacuee behavior effect TET.
We experiment with artificially generated grid network (|V | = 25, |E| = 112)
with different population distributions - standard (Figure 4.4(a)), diagonal (Figure
4.4(b)) and upper triangular (Figure 4.4(c)), and radial network ( |V | = 25, |E| =
72) (Figure 4.4(d)). Transportation networks consist of three different nodes source (green square), transhipment (white circle) and destination (red triangle).
An evacuee population of 7500 is evenly distributed across all the source nodes.
The average flow on an edge is represented by its thickness. In the grid network
topologies mentioned earlier there exists a common road segment that belongs to
the shortest time path from most source nodes to the destination (i.e. e19,25 ).
At α = 0, all the evacuees behave greedily and take the shortest time path to
the destination resulting in over utilization of certain links and under utilization of
others as can be seen in Figure 4.5(a). This uneven distribution of traffic flow often
leads to travel time delays and larger evacuation time of 76.45 mins. As α increases
i.e. the number of sensitive evacuees increase more evacuees explore alternate less
utilized routes to the destination, resulting in a more even distribution of traffic
flow and reduction in TET as illustrated in Figure 4.6. Additionally, there is a
sudden drop in TET between α = 0.9 and 1.0, this is because even a few insensitive
evacuees could cause travel time delays at the intersections. At α = 1, all evacuees
are sensitive and reroute themselves to take alternate less congested routes to
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(a) Grid Network at α = 0

(b) Grid Network at α = 1

(c) Radial Network at α = 0

(d) Radial Network at α = 1

Figure 4.5. Traffic Flow Patterns for Grid and Radial Networks for α = 0 and α = 1.

the destination. This results in an evenly distributed traffic flow as in Figure
4.5(b) and a reduction in TET by 52.9 %. Similar results hold true for different
population distributions. However, different behavior is observed in the case of a
radial network. In a radial topology sources have independent paths i.e. there is
no one link that serves most of the sources and the traffic flow is evenly distributed
even when all the evacuees are greedy at α = 0 as seen in Figure 4.5(c). As α
increases sensitive evacuees move around in the network looking for alternate less
congested routes (Figure 4.5(d)) this wandering behavior of evacuees causes travel
time delays resulting in increased TET (refer to Figure 4.7).
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Figure 4.6. Grid - Effect Blocking on TET

Figure 4.7. Radial - Effect Blocking on TET

4.5.2

Effect of Blocking on TET

In this section we explore the effect of blocking on TET. Blocking aims at reducing TET by closing certain links enabling even traffic flow distribution across
the transportation network. Performance of blocking depend on several different
factors like road network topology, evacuee behavior and extent of application ( k).
From section 4.5.1 we know that effect of evacuee behavior (α) is more pronounced
in certain network topologies like the grid (Figure 4.4(a)) than the others like the
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radial (Figure 4.4(d)). Each α is associated with a unique flow pattern. Smaller
values of α are associated with greedy evacuee behavior resulting in uneven traffic
flow whereas, larger values of α are associated with a more evenly distributed traffic flow. Let us consider the flow pattern in a standard grid network when α = 0,
illustrated in Figure 4.5(a). The flow is unevenly distributed across the network
with most of the evacuees taking road segment e19,25 to the destination. The flow
pattern plays a major role in determining candidate link(s) for blocking. Proposed
algorithm for blocking (refer to Algorithm 2) picks e19,25 as the first candidate
link to be blocked. Blocking link e19,25 forces evacuees to explore alternate routes,
resulting in a more evenly distributed flow pattern illustrated in Figure 4.8 and
a 36.3% decrease in TET. Figures 4.6, illustrates the effect of blocking on grid
network topology for different values of α and k. We see that blocking is more
effective for smaller values of α. Additionally, TET decreases with extent of blocking and exhibits a diminishing returns property in k i.e. marginal decrease in TET
is highest when the first link is blocked (k = 1) and it dwindles as additional links
are blocked. Radial networks inherently have an evenly distributed traffic flow
pattern, blocking does not produce significant improvement in TET. The amount
of improvement in TET depends on transportation network topology.

85

Figure 4.8. Traffic Flow Patterns for Grid Network for α = 0 with Blocking.

(a) Monticello, MN Topology

(b) Monticello, MN Network

Figure 4.9. 10 mile evacuation planning zone - Monticello, MN Network Topology.

4.6

Case Study on Monticello, MN

Monticello Nuclear Generating Plant is a nuclear power plant located in Monticello,
Minnesota, along the Mississippi River. The Nuclear Regulatory Commission defines two emergency planning zones (EPZ) around nuclear power plants: (1) plume
exposure pathway zone with a radius of 10 miles - concerned primarily with exposure to, and inhalation of, airborne radioactive contamination, and (2) an ingestion
pathway zone of about 50 miles - concerned primarily with ingestion of food and
liquid contaminated by radioactivity. In this case study we are focusing on the
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(a) Traffic Flow α = 0

(b) Traffic Flow α = 1

(c) Traffic Flow α = 0 with Block- (d) Traffic Flow α = 1 with Blocking
ing

Figure 4.10. Traffic Flow Pattern for Monticello, MN.

10 mile evacuation planning zone represented by the red shaded region in Figure
4.9(a). There are twelve cities that (represented by the green pins) will be directly
effected by any disaster at the nuclear plant (represented by the orange pin) and
the destination is a city called Osseo (represented by the red pin). There are a
total of 103,731 people in the threat region. An abstracted version of 10 mile
EPZ can be seen in Figure 4.9(b). The EPZ consists of 47 nodes and 148 edges,
representing interstate (I 94) and major arterial roads (US 169, MN 25, MN 55,
MN 24, US 10, MN 101). The size of the source nodes are scaled proportional to
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Figure 4.11. Monticello, MN Network - Effect of Blocking on TET

their population. The thickness of the edges are higher for interstates and arterial
roads.
At α = 0, all the evacuees behave greedily and take the shortest time path to
the destination. From Figure 4.10(a) we see that evacuees from all sources use I
94 to the destination.This uneven distribution of traffic flow leads to travel time
delays and larger evacuation time of 391 mins. Proposed blocking picks road segments e26,26 , e2,4 and e1,3 in that order to be blocked as illustrated in Figure 4.10(c).
Blocking the first link e26,27 causes a 38.7% reduction in TET. As we have discussed
in section 4.5.2, removal of subsequent links resulted in a marginal decrease of only
4.2%. At α = 1, all evacuees are sensitive and reroute themselves to take alternate less congested routes to the destination. This results in an evenly distributed
traffic flow as in Figure 4.10(b) and a reduction in TET by 49.2%. Blocking road
segments e35,40 and e31,27 (Figre 4.10(d)) in that order causes a decrease of 26.2%.
We also observe that TET doesnot decrease for intermediate values of α i.e. as
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more evacuees become sensitive to congestion due to lack of comparable alternate
paths to destination refer to Figure 4.11.

4.7

Conclusions and Future Work

In this work we proposed a new control strategy called blocking and demonstrate
its effectiveness using a mesoscopic discrete event simulation model. Additionally,
we also propose an algorithm to identify candidate links to block. We demonstrated
that blocking results in reduction of TET compared to base case (non-blocking).
Moreover, we found that the amount of improvement in TET depends on the traffic
network topology and the evacuee behavior. Pronounced reduction in TET was
found in scenarios where most of the source-destination paths overlapped and a
large fraction of evacuees were insensitive to congestion. In the case of Monticello
nuclear power plant, there were 12 cities that were in the EPZ . All the residents of
these cities need to get to a safer destination. In a scenario where all the evacuees
are insensitive to congestion, all the evacuees try to take the shortest time path to
the destination. This results in over-utilization of I-94 (refer to Figure 4.10(a)). On
the other extreme where all the evacuees are sensitive to congestion, there is better
utilization of the road network (refer to Figure 4.10(b)). This event distribution of
traffic flow results in a 51% reduction in TET. We donot see any change in TET
for intermediate values of α due to the absence of alternate comparable paths to
the destination. Additionally we see that there is a significant reduction in TET
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only when all the evacuees are insensitive to congestion.
One of the underlying assumptions of our current model is that evacuees are only
aware of traffic conditions on immediate downstream links i.e. evacuees make
their routing decisions based on local traffic information. The lack of global traffic
condition information might lead to sub-optimal routing solutions. In the future it
might be interesting to incorporate global traffic conditions into the road network.
Currently, candidate links for blocking are selected using greedy algorithm which is
computationally expensive and does not guarantee a globally optimal solution. In
the future, computationally cheaper algorithms that can obtain globally optimal
solution should be used. The current evacuee travel mechanism uses a simple point
queue model with static free flow travel time. In the future a more realistic model
incorporating a realistic link travel time should be incorporated.

Chapter

5

Conclusion and Future Work

5.1

Introduction

During emergencies, an efficient evacuation of people from a source of threat to a
safer destination is critical to mitigate the impact of disaster. During evacuation
evacuees make several decisions like when to evacuate?, where to evacuate to?
and which route to take?. The decisions adapted by the evacuees determine the
efficiency of an evacuation process. In this thesis we focused on impact of evacuee
timing and routing decisions on evacuation efficiency. The performance of an
evacuation process is measured by travel delays experienced by the evacuees or
total evacuation time (TET). Travel delays are caused due to the inability of
surface transportation to meet the sudden surge in evacuee demand.
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5.2

Problem 1: Evacuee Departure Time Model

In this work we modeled evacuee departure time decision making processes to
study the effect of evacuee social network structure on evacuation performance. In
a practical setting, our results are useful in making strategic decisions regarding
additional capacity (e.g. contraflow) by estimating the social network topology
of the evacuating community. Our resutls indicate that short paths of influence
is generally detrimental to the average travel time of evacuating region. In other
words, average path length of the social network is inversely related to avrage
travel delay experienced by an evacuee. Another interesting finding is that a well
connected community (random, scale free networks) is likely to depart simultaneously and therefore would require additional road capacity. On the other hand, a
community with strong clusters (modular networks) or limited connectivity (lattice
networks) are less likely to have a problem of overloading. Additionally, we also
propose strategies to mitigate overloading by inhibiting a fraction of evacuee population called inhibitors from evacuating. We show that inhibiting a small subset of
evacuees can significantly improve evacuation performance. Results suggest that
evacuee social network with low average path length and low modularity benefit
the most from introducing inhibitors. Both travel time and total evacuation time
decreases with number of inhibitors. The rate of decrease depends on evacuee social network topology, risk distribution and inhibitor selection strategy. A simple
degree based inhibitor selection works well in all weighted and unweighted network
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topologies. Furthermore, inhibitor selection strategy is immaterial in the case of
homogeneous networks like random and small world networks. Given the same
number and choice of inhibitors, total evacuation time is lower when risk region is
more connected. Therefore, we want the risk region to be more connected (lower
total evacuation time) but the non-risk region should be less connected (lower average travel time).
Current inhibitor selection strategies are heuristic and purely based on evacuee social network topology without considering any individual behavioral traits. In the
future, simulation based inhibitor selection strategies should be employed which
explicitly optimize the average travel time [27]. In our current work we show that
average travel time decreases with number of inhibitors. This result can be extended for non-homogeneous networks and other performance measures. Other
potential future directions involve improved departure time choice models which
is history and time dependent.

5.3

Problem 2: Evacuation Routing

Once an evacuee decides to evacuate they need to identify which route to take to get
to the destination. During evacuation evacuees tend to behave non-altruistically
making routing choices that minimize their individual travel time. This myopic
behavior of evacuees can be detrimental to the overall system performance - measured by Total Evacuation Time (TET). To alleviate the impacts of congestion,
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we present a new traffic control strategy, blocking. Blocking involves closing certain road segment(s) for the entire duration of evacuation. Our results indicate
that TET is adversely affected when (a) there is an overlap between shortest time
path between various origin and destinations and (b) the evacuees do not consider
congestion information to make their routing choices. TET can be significantly
improved by either modifying the topology of the network (using Blocking or
Throttling) or modifying evacuee behavior and making evacuees more sensitive
to congested related information. Typically, modifying evacuee behavior is very
difficult. In such scenarios, we have showed that blocking results in reduction of
TET. Blocking is particularly useful when there are multiple comparable alternative paths to the destination. Another interesting observation is that even a few
evacuees who are insensitive to congestion levels of downstream links can cause
delays to prorogate upstream - even if majority of the evacuees are sensitive to
congestion levels.
We also proposed an extension of blocking control strategy where road segment(s)
are temporarily closed and opened based on their congestion level. We referred to
such a strategy as Throttling. This switching of states of certain road segments
(close and open) is hard to implement in reality. Additionally, it would require
to be effectively communicated with the evacuees making it even more difficult
to implement. One of the underlying assumptions of our current model is that
evacuees are only aware of traffic conditions on immediate downstream links i.e.
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evacuees make their routing decisions based on local traffic information. The lack
of global traffic condition information might lead to sub-optimal routing solutions.
In the future it might be interesting to incorporate global traffic conditions into
the road network.
Currently candidate links for blocking are selected using greedy algorithm which is
computationally expensive and does not guarantee a globally optimal solution. In
the future, computationally cheaper algorithms that can obtain globally optimal
solution should be used. The current evacuee travel mechanism uses a simple point
queue model with static free flow travel time. In the future a more realistic model
incorporating a realistic link travel time should be incorporated.
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