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Urban evacuation management is challenging to implement as it requires planning and coordination over a

large geographical area. To address these challenges and to bolster evacuation planning and management,

joint supply and demand management strategies should be considered. In this study, we explore and jointly

optimize evacuate or shelter-in-place, dynamic resource allocation, and staging decisions for an efficient

evacuation plan that minimizes total risk exposure of the population threatened by a sudden onset disaster.

We introduce a Cell Transmission Model based mathematical formulation and propose an exact solution

methodology based on Benders decomposition. We further enhance the efficiency of the algorithm by solving

the Benders subproblem using a network flow based formulation on a time expanded network, and gener-

ating valid inequalities for the master problem. We conduct extensive numerical experiments using realistic

instances to test the effectiveness of the algorithm and to derive managerial insights. We find that considering

evacuate or SIP, staging, and dynamic resource allocation decisions jointly, contributes significantly to the

efficiency of the evacuation operations. A zone-based approach where some zones are ordered to evacuate

while others shelter-in-place is superior to other approaches where an evacuate or SIP decision is given for

all population at risk.
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1. Introduction

The September 11, 2001 terrorist attacks in U.S., was a no-notice event in a metropolitan setting

that claimed thousands of lives. The 2004 Indian Ocean tsunami, the 2010 Haiti earthquake, the

triple disasters that hit the Tohoku region of Japan in 2011, and the 2017 hurricane season in

U.S. were among the costliest and deadliest disasters in the history of mankind with tremendous

operational challenges on governments and disaster management agencies, causing a massive level

of destruction, and leaving millions of people homeless (Bayram 2016, Halverson 2018). Natural
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and man-made disasters are a great threat to humanity. Due to urbanization, climate change and

population growth, the number of such disasters and their impact continue to increase (EM-DAT

2020a,b), which illustrates the need to better prevent, prepare for and respond to disasters (EC

2019).

To protect people from the impact of a disaster against the possibility of significant injury or

death, evacuation of people from a threatened area to safer areas is the mostly used strategy.

European Council (EC) states that an effective evacuation management is of utmost importance

to reduce the risks citizens can face during such emergencies (EC 2017). An efficient evacuation

traffic management is reported as a critical capability that must be attained in the U.S. National

Response Framework (USDHS 2013). Inefficient management of evacuation operations may result

in further losses (Thompson, Garfin, and Silver 2017). Millions of people were evacuated due to

hurricanes Floyd (1999), Katrina and Rita (2005), and Irma (2017) creating largest traffic jams in

the US history. Over eight million people across the U.S. were affected by evacuation orders in 2017

due to flooding, hurricanes and wildfires (FEMA 2019). U.S. Department of Homeland Security

(DHS) Federal Emergency Management Agency (FEMA) and U.S. Department of Transportation

(DOT) Federal Highway Administration (FHWA) reports state that evacuations are not rare.

Annual number of disasters that require an evacuation is about 45-75 and evacuations of 1,000 or

more people occur every two to three weeks (FHWA 2007).

Large scale urban evacuation management is challenging to implement as it requires planning

and coordination over a large geographical area for an extended time span of hours and even days.

The primary objective of evacuations is to save lives by moving evacuees out of threatened zone

as safely and quickly as possible (Lindell et al. 2018). To address these challenges and to bolster

evacuation planning and management, joint supply and demand management strategies should

be considered. U.S. National Response Framework (DHS 2019) provides foundational emergency

management doctrine and aligns key roles and responsibilities of responding agencies through

emergency support functions (ESF). ESF #1 - Transportation is related to the management of

evacuation traffic and ESF #13 - Public Safety and Security regulates the use of law enforcement

personnel at critical intersections to control traffic (Matherly 2013).

Evacuation demand is defined as the number of vehicles that are required to evacuate from the

threatened area for each zone. And evacuation supply can be described as the ability of the road

network structure to serve the evacuation demand and is related to the capacity of the road network

to carry the evacuation flow. Effective supply and demand management strategies are required to

manage the evacuation traffic as road network is not designed against such an unusual, sudden and

wide spread surge in traffic demand. Supply management is about designing new road segments

or enhancing the capacity of existing road network structure and utilizing it in the most efficient
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way by employing contraflow strategies, modifying/designing selected intersections by applying

turn restrictions, lane/ramp closures, adding lane/ramp capacity and deploying law enforcement

personnel and/or electronic devices to critical intersections to prevent/decrease the traffic conges-

tion. Evacuate or shelter-in-place (SIP), staging, and shelter/route assignment decisions are used

to organize the evacuation demand. To reduce traffic congestion by promoting a phased evacuation,

evacuating only those at risk in the most vulnerable areas, a zone-based approach is preferred to

manage evacuation demand (Wilmot and Meduri 2005, FEMA 2019). That way, jurisdictions can

prioritize the evacuation orders and limit the need to evacuate a large population in different zones,

which is not under direct threat of a hazard.

While intuitively one may think that evacuation of everyone from a threatened area is the best

choice, this may not be a feasible or safe option. The evacuation of Houston metropolitan area

against hurricane Rita in 2005, resulted in people getting stuck in traffic with a 100-mile long

congestion on the highway and caused fatalities not by the hurricane itself (ODriscoll, Wolf, and

Hampson 2005). On the other hand, 34 patients of a hospital were drowned since the hospital

management decided to shelter-in-place (Dosa et al. 2007). Depending on the type and impact of

a disaster, the lead time from it, the protection level, the distance from the threat, the duration of

exposure to the threat, and the level of congestion on the road network due to evacuation demand,

the decision on whether to evacuate or SIP a zone may change (Lindell et al. 2018). FEMA defines

the goal of an evacuation as “to move as few people as needed the shortest distance to safety”

and SIP as “the use of a structure to temporarily separate individuals from a hazard or threat”

(FEMA 2019) and advises SIP to be the first considered option when feasible to reduce costs,

inefficient use of resources and the adverse affects of unnecessary mass evacuation. In case of a

toxic gas release for instance, if there is not enough pre-evacuation time, or in case of tornadoes,

SIP could be the preferred option (Sorensen, Shumpert, and Vogt 2004). The only option after

incidents such as terrorist attacks that involve chemical or biological hazards may be SIP due

to further contamination risks of an evacuation (Zimmerman et al. 2007). When a SIP order is

recommended to a given zone in the threatened area, population in this zone will be mostly seeking

shelter in their homes, apartments or workplaces. Among the weather related disasters, tornadoes

have inflicted third largest number of fatalities in U.S. over the last decade (NWS 2019). Common

response policy against tornadoes is to SIP. However, in the past ten years on average, around 38 %

of the fatalities caused by a tornado was inflicted on the people who sheltered in their permanent

houses and around 30 % of the fatalities was inflicted on the people who sheltered in their mobile

homes/trailers (NWS 2019). With the advance in weather forecasting capabilities and early warning

systems, evacuation of threatened areas against tornadoes may also become an option (Simmons

and Sutter 2012). Depending on the structural properties of such buildings, the SIP decision may
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provide protection against wind, flood, and exposure to hazardous materials. In case of hurricanes

or if there is enough time to clear a zone in case of toxic gas releases, however, evacuation may be

the recommended option. The options against wildfires is to evacuate early, since late evacuation

is very dangerous or to defend and SIP depending on expected fire intensity, the protection level

provided by in-home/refuge shelters and other factors (Handmer and Tibbits 2005, Cova et al.

2009, McCaffrey, Rhodes, and Stidham 2015). Similarly, SIP or evacuate decisions during flash

floods will depend on the depth of the flood, whether evacuation is possible to higher ground and

the structure of the building to SIP (Haynes et al. 2009).

Evacuate or SIP decisions are given taking into consideration a risk or hazard caused by the

disaster. A policy that minimizes the clearance time or total evacuation time in the network may

not be the safest alternative to implement. For that reason it is of utmost importance to define

risk and employ it in planning considerations to be able to give these critical decisions.

Deployment of emergency management or law enforcement personnel and/or electronic devices,

barriers, boards to critical intersections on the road network dynamically over time to enhance

evacuation efficiency is defined as one of the supply management strategies (Pretorius et al. 2006,

Zimmerman et al. 2007, Zimmerman, Robert, and Jordan 2007, DHS 2019). These traffic control

and management resources can be reallocated to different intersections depending on the congestion

levels in the road network (He and Peeta 2014). Deployment of a resource at an intersection results

in an enhancement in the capacities of the upstream road segments of the intersection and hence

results in faster evacuation of the population at risk.

This study aims to contribute to U.N. “Climate Action” and “Sustainable Development Goals”

in building resilience and reducing vulnerability to climate-related disasters (heatwaves, floods,

extreme weather events, etc.), and to the “Sendai Framework for Disaster Risk Reduction” in

that it offers a solution methodology for evacuation of urban areas in order to further prevent

risk and to ensure safety of populations affected by such disasters. Our goal is to develop models

and solution methodologies that jointly consider supply and demand management strategies for an

efficient evacuation planning/management. We develop a Cell Transmission Model (CTM, Daganzo

(1994, 1995)) - based mixed integer programming (MIP) formulation that accounts for evacuate or

SIP, staging and dynamic resource allocation (DRA) decisions simultaneously. Then, we propose

exact solution methodologies based on Benders (Benders 1962) decomposition to solve the problem

efficiently for realistic size instances. We further solve the Benders subproblem by using a network

flow based formulation on a time-expanded network (TEN) and explore other strategies such as

obtaining strong and initial optimality cuts and generating valid inequalities for the master problem

to enhance the performance of proposed algorithm. We conduct experiments to demonstrate the

effectiveness of the proposed algorithms and derive managerial insights. In particular, we find that
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a zone-based approach where some zones are ordered to evacuate while others shelter-in-place is

superior to other approaches where an evacuate or SIP decision is given for all population at risk.

Considering joint evacuate or SIP, staging, and DRA demand and supply management strategies

significantly contributes to the efficiency of the evacuation. Jointly considering these decisions

generates evacuation plans that require less resources. When combined with demand management

strategies evacuate or SIP and staging, DRA helps decrease total evacuation risk to a certain extent

but it has more contribution for higher demand levels. It is of utmost importance to have early

warning systems which help evacuation management authorities give timely evacuation orders to

evacuate the population at risk to safety and if there is enough lead time, evacuation should be

the preferred option for a minimal risk exposure.

The rest of the paper is organized as follows: In Section 2, we cover the literature on evacuation

management and present our contributions. In Section 3, we define the problem setting and intro-

duce a mathematical formulation for it. In Section 4, we propose an exact solution methodology

based on Benders decomposition. In Section 5, we present results, analyses, and managerial insights

based on an extensive computational study. Finally, we conclude in Section 6.

2. Literature Review

An efficient evacuation planning/management relies on efficient supply and demand management

strategies. On the supply management side, studies in the literature generally focus on designing

new road segments (Üster, Wang, and Yates 2018), contraflow or lane reversal (Cova and John-

son 2003, Bretschneider and Kimms 2011, Hasan and Van Hentenryck 2020a), intersection design

(Bretschneider and Kimms 2012, Zhao, Ren, and Huang 2016), lane/ramp closures (Xie and Turn-

quist 2009, Kimms and Maassen 2012, Herrera-Restrepo et al. 2016), and resource allocation at

critical intersections (Zhang et al. 2013, He and Peeta 2014, He, Zheng, and Peeta 2015). The evacu-

ation studies that explore demand management strategies are generally on staging (Lim et al. 2012,

Bish and Sherali 2013, Tuydes-Yaman and Ziliaskopoulos 2014, Bish, Sherali, and Hobeika 2014,

Kimms and Maiwald 2017), shelter/route assignment (Ben-Tal et al. 2011, Pillac, Van Hentenryck,

and Even 2016), and evacuate or shelter-in-place (Cova, Dennison, and Drews 2011, Apivatanagul,

Davidson, and Nozick 2012, Yi et al. 2017, Karabuk and Manzour 2019, Davidson et al. 2020, Yang

et al. 2019b,a). For more details on evacuation planning/management studies, we refer the reader

to Wolshon et al. (2005a,b), Murray-Tuite and Wolshon (2013), and (Bayram 2016).

The focus of this study is on resource allocation as a supply management strategy and evacuate

or SIP and staging as demand management strategies. The number of studies in the literature

that explore evacuate or SIP decisions is limited. Few studies exist that consider DRA problem

during evacuations. To the best of our knowledge, there is no study in the literature that takes
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into consideration the combined effect of staging, evacuate or SIP, and DRA decisions. And most

of these studies generally minimize clearance time or total evacuation time. There are few studies

that minimize the total risk of an evacuation. Below, we will give more details related to studies

on resource allocation, evacuate or SIP, and staging and the ones that consider risk.

2.1. Resource Allocation at Critical Intersections

The literature on allocation of resources at critical intersections is sparse. To the best of our

knowledge, there exist only a few studies that explore the advantages of resource allocation. And

in majority of these studies, resources are not mobile.

We could not spot any other study on resource allocation in evacuation literature that was

conducted before that of Liu (2007). In this study by Liu (2007), the importance of determining

critical intersections and deploying law enforcement personnel to these locations is pointed out.

However, this perspective is only used as a resource limit in the constraints on total length of

reversed road segments and identification of these critical intersections is not included in the

proposed model. Jabari, He, and Liu (2012) and Parr, Wolshon, and Dixit (2015) name this problem

as the officer deployment problem and manual traffic control, respectively, where police officers

are deployed to critical intersections to manage the intersection right of way in response to over-

saturated road network conditions. Hsu and Peeta (2014b,a) seek to determine evacuation zones

with the highest risk in a stage-based approach. The resources in these studies are incorporated in

the problem as a parameter rather than a decision variable and embedded in a resource availability

constraint. Zhang et al. (2013) propose mixed integer nonlinear programming models, which aim to

optimally determine the critical intersections and traffic control strategies at these intersections, i.e.,

a system optimal strategy at controlled intersections and a user equilibrium strategy at uncontrolled

intersections. The studies mentioned so far, ignore the time dimension of the evacuation in making

resource allocation decisions, i.e., resources are not mobile and stay in their allocated intersections

throughout the evacuation.

There exist only two studies (He and Peeta 2014, He, Zheng, and Peeta 2015) that address the

dynamic allocation of mobile resources at critical intersections. He and Peeta (2014) propose a

CTM-based mixed integer linear program to optimally decide on when, where and how long limited

number of resources are allocated to improve the evacuation performance. The solution method-

ology proposed by He and Peeta (2014) is not exact due to the complexity caused by dynamic

nature of the problem, discretization of original network into a cell network resulting in large num-

ber of variables even for modest network sizes and the discrete resource allocation decisions. To

be able to solve the problem efficiently, they transform the problem into a two-stage optimiza-

tion problem and employ a greedy heuristic algorithm. He, Zheng, and Peeta (2015) propose a
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DRA problem formulation based on the earliest arrival flow (EAF) formulation of Zheng, Chiu,

and Mirchandani (2015). The advantage of using EAF formulation is that it allows to use a TEN

structure to solve the problem as a minimum cost network flow problem. They employ a Benders

decomposition algorithm to be able to solve large scale problem instances. The authors further use

auxiliary variables to represent the start and end time steps of the resource assignment schedule,

which allows them to generate some strong valid equalities and to relax integrality restrictions on

binary resource allocation decision variables. They test their algorithm on a numerical example

using the Dallas-Fort Worth road network employing a 1 % relative gap as stopping criterion and

are able to solve the example problem instances in 3.5 hours with a gap of 0.2 %. Both studies

minimize the total evacuation time and ignore the risk evacuees can be exposed to. He, Zheng, and

Peeta (2015) assume that “at most one moveable resource can be assigned to an intersection once

throughout the evacuation process”. We relax this assumption and allow allocation of different

resources and reallocation of the same resource to the same intersection at different time intervals

at the expense of loss of efficiency of the proposed algorithm. Further, unlike in our study, evacuate

or SIP decisions are not considered in these studies.

2.2. Evacuate or Shelter-in-Place

Although there is an increasing interest in studies that explore the benefits of evacuate versus SIP,

the number of such papers is limited. Cova, Dennison, and Drews (2011) present a framework for

the decisions that can be made against wildfires: evacuate, shelter-in-refuge, or shelter-in-home to

maximize the overall community protection, i.e., protection level of a shelter minus the fire threat

level. While the model considers these three possible actions, it does not incorporate evacuation

operations, i.e., routing of evacuees or other demand and supply management strategies. The

problem is solved using a commercial solver.

Apivatanagul, Davidson, and Nozick (2012) introduce a bi-level model that minimizes the risk

and travel time simultaneously and incorporates evacuate or SIP, staging and routing decisions

considering the uncertainty regarding hurricane track, forward speed, and intensity. The upper

level of the model decides who will evacuate, when and to which shelter. The lower level of the

model is a dynamic user equilibrium (DUE) model. The problem is solved using an iterative

approach passing information from the upper level model to lower level model and vice versa and

a case study of eastern North Carolina is used for testing. Yi et al. (2017) propose a multi-stage

stochastic programming formulation considering the uncertainty in hurricane evolution. The model

they propose is also a bi-level optimization model, upper level of which creates an evacuation plan

as to evacuate or shelter-in-place and staging. Further, discrete choice models are incorporated as

to who will obey the evacuation orders. They also employ the risk levels defined by Apivatanagul,
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Davidson, and Nozick (2012) and use a heuristic solution procedure based on progressive hedging

to solve the upper level model. The lower level of the problem is solved by a DUE algorithm.

To support hurricane evacuation decision making, Davidson et al. (2020) introduce an “integrated

scenario based evacuation” (ISE) framework that incorporates the dynamic and uncertain nature

of hurricanes and the human behavior, using a hazard modeling approach that considers coastal

flooding, inland flooding, and wind (Blanton et al. 2020). They use a bi-level multi-stage stochastic

programming formulation, which is an extension of the models proposed in Li et al. (2011) and

Apivatanagul, Davidson, and Nozick (2012) and define risk as in Apivatanagul, Davidson, and

Nozick (2012). While the upper level creates an evacuation plan minimizing total risk and travel

time, lower level is a DUE traffic assignment model that evacuates threatened population to safe

shelters. They use the same progressive hedging algorithm proposed in Yi et al. (2017) to solve

the problem. Yang et al. (2019b) extend the hazard modeling of Davidson et al. (2020) and apply

the framework to case study of Hurricane Matthew (2016) near the North Carolina coast. Using

the same ISE framework, Yang et al. (2019a) discuss the use of robust, adaptive, and repeated

decision-making for an impending hurricane on a case study of Hurricane Isabel (2003) in North

Carolina.

Karabuk and Manzour (2019) propose a multi-stage stochastic programming formulation based

on CTM to discuss the use of evacuate or SIP decisions against convective weather events such as

tornadoes. They discuss that the status-quo policy, i.e., SIP, against such events may not be the

single or the best option with the advance of state-of-the-art weather prediction technology and

compare the status-quo policy with evacuation as a response policy in terms of benefits, risks, and

costs. They solve the problem using a commercial solver.

Except for Cova, Dennison, and Drews (2011), Karabuk and Manzour (2019), and Apivatanagul,

Davidson, and Nozick (2012), which use commercial solver and an iterative approach, respectively

to solve their problems, none of the mentioned studies employ exact solution methodologies. Fur-

ther, unlike in our study, these studies do not incorporate DRA decisions.

2.3. Staging

The literature on staging/phasing of evacuation operations considering departure times of evac-

uees is quite rich. The studies that we cite here is by no means comprehensive as we picked only

representative ones. Among the studies that we cited under “Resource Allocation at Critical Inter-

sections” and “Evacuate or Shelter-in-Place” subsections, the studies by Apivatanagul, Davidson,

and Nozick (2012), He and Peeta (2014), He, Zheng, and Peeta (2015), Yi et al. (2017), Yang et al.

(2019b), Karabuk and Manzour (2019), Davidson et al. (2020) also consider staging.

Among other studies that consider staging/phasing or departure time decisions, Chiu et al.

(2007), Ng and Waller (2010), Ben-Tal et al. (2011), Tuydes-Yaman and Ziliaskopoulos (2014), Bish
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and Sherali (2013), Li and Ozbay (2015) propose CTM-based models, Bretschneider and Kimms

(2011, 2012), Lim et al. (2012), Bish, Sherali, and Hobeika (2014), Kimms and Maiwald (2017),

Hasan and Van Hentenryck (2020a) use network flow based modeling approaches on TENs.

In their study, Bish, Sherali, and Hobeika (2014) address disaggragate level staging and routing

strategies to disseminate household level instructions to evacuees using a CTM-based model. To

reduce the computational complexities of a CTM-based formulation so that large scale realistic

instances can be solved, they transform it to a time-space network-based formulation. Finally, they

design a sequential algorithm that requires solving a sequence of simpler linear programming models

and test their algorithm on a realistic network based on Virginia Beach for evacuations against

hurricanes. Kimms and Maiwald (2017) also follow a similar approach and transform their CTM-

based model into a minimum cost flow formulation defined over a space-time expanded network.

They use a commercial solver to solve their problem.

Hasan and Van Hentenryck (2020a) introduce a network flow based formulation on a TEN that

considers contraflow, staging and routing decisions for convergent and non-preemptive zone-based

evacuation planning. They employ Benders decomposition and column generation techniques to

solve their problem exactly. They test the efficiency of their algorithms and derive managerial

insights on the mentioned strategies in a separate paper (Hasan and Van Hentenryck 2020b).

Only a small number of these studies consider evacuation risk and none of them take into

consideration the joint effect of staging, evacuate or SIP, and DRA strategies.

2.4. Evacuation Risk

In evacuation planning/management literature the objectives of proposed models are generally

minimizing the network clearance time, total/average evacuation time, earliest arrival flow or maxi-

mizing the number of evacuees reaching safety up to a specified time T (Bayram 2016). The number

of papers considering minimization of total exposed risk is limited.

In disaster management literature, the risk of a location is generally defined by the estimated

impact of the disaster on that location and its geographical features (Hsu and Peeta 2014b). The

risk caused by a hurricane to a location for instance, can be measured by the wind speed, rainfall,

surge flooding, and the surge depth (Wolshon, Pande et al. 2016, Lindell et al. 2018, Blanton et al.

2020). The risk of a toxic chemical release depends on the weather and topographic conditions

and has an inverse relationship with the distance of a neighborhood to the source of the toxic

release (Lindell et al. 2018). Social vulnerability is another aspect of risk as it is related to the need

for mobility and level of assistance required by a community, specifically in terms of evacuation.

Some studies define the risk of a neighborhood during an evacuation operation as the ability of

the neighborhood to clear the risk zone as quickly as possible, and for that reason it is linked to
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clearance time (Church and Cova 2000), ignoring the impact of the disaster. Similarly, Hsu and

Peeta (2014b) define risk of a location as whether that location can be cleared before disaster

impacts it, i.e., as a function of the clearance time of location and the lead time to the impact of

the disaster on that location. Kimms and Maiwald (2017, 2018) minimize total evacuation risk on a

road network, where they create risk values randomly. These studies do not take into consideration

the level of protection a given location provides.

Cova, Dennison, and Drews (2011) consider evacuations against wildfires and define risk as a

combination of fire threat level measured by flame length and the protection level of the shelter

under five threat and protection levels. Considering evacuations against hurricanes, Apivatanagul,

Davidson, and Nozick (2012), Davidson et al. (2020) define risk as the probability a person is

killed, injured or had a traumatic experience, based on location and time, the protection level of

the location, and the possible impact of the hurricane on that location. Karabuk and Manzour

(2019) define a measure of risk of injury at a location, which depends on the relative position of the

weather event and the protection level provided by a specific type of structure used as a shelter.

2.5. Our Contribution

� We propose a CTM-based formulation that jointly considers evacuate or SIP, DRA, and staging

decisions.

� Rather than minimization of total evacuation time, we consider risk as a measure of the

response policy, which depends on the impact of the disaster and the protection level provided by

the location of the evacuees.

� We consider mobile resources and develop strategies about deploying these resources at critical

intersections dynamically over time depending on the evolving risk and congestion levels.

� We relax the restriction employed in DRA literature and allow to assign different resources or

reassign the same resource to the same location at different time intervals.

� We transform the CTM-based formulation to a minimum cost flow formulation on a TEN to

be able to solve large scale realistic instances.

� We develop a Benders decomposition based exact algorithm to solve large scale problem

instances more efficiently compared to a commercial solver and further enhance the efficiency of

the algorithm by deriving valid inequalities and strong optimality cuts.

� Finally, we conduct numerical experiments on realistic instances to test the efficiency of our

algorithm and derive managerial insights. In particular we found that a zone-based approach where

some zones are ordered to evacuate while others shelter-in-place is superior to other approaches

where an evacuate or SIP decision is given for all population at risk. Jointly considering evacuate

or SIP, staging, and DRA decisions significantly increases efficiency of the evacuation management,
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i.e., minimizes total risk and requires less resources. DRA helps reduce congestion and hence risk

especially for higher levels of demand. As lead time increases the number of zones ordered to

evacuate also increases.

3. Problem Statement and Model Development

In this section we define our problem and propose a formulation based on CTM to solve it. Cell

Transmission Model is a DTA concept that was introduced by Daganzo (1994, 1995). Later on,

that concept was transformed into a linear programming formulation by Ziliaskopoulos (2000),

which attracted a lot of attention in evacuation planning/management literature as we discussed

in the Literature Review section. To obtain a CTM-based formulation, the original road network is

transformed into a cell network, i.e., each arc in the original network is discretized into cells with a

length that can be traveled in unit time interval using free flow speed. Cells are connected to each

other using dummy arcs called connectors.

Given a graph Go = (V,Ao) of original evacuation road network, where V and Ao are the set of

nodes and arcs (road segments, links) of the original network, we represent the transformed cell

network with G= (I,A), where I is the set of cells and A is the set of arcs (cell connectors) in the

cell network. The set of cells I is the union of three disjoint subsets, i.e., the set of source cells So

representing evacuation zones, the set of sink cells Se representing safe shelters and the set of road

segment cells R. The source cells have no incoming arcs and sink cells have no outgoing arcs. For

cell i ∈ So, Di denotes the number of vehicles to be evacuated. It is assumed that Di = 0 for all

i ∈ I \So. For cell i ∈R, Ni denotes the maximum number of vehicles that can be accommodated

in cell i, which is scaled down by δi, the ratio of the free-flow speed to the backward propagation

speed, and Qi denotes the maximum number of vehicles that can enter into or leave from cell i,

i.e., the inflow/outflow capacity of cell i. Let T be the set of evacuation time periods, and T
′

be

the set of disaster time periods. The parameter cit represents the estimated hazard for cell i in

period t. The decision variable xit is the number of vehicles at cell i ∈ I in time t ∈ T and yijt is

the number of vehicles traveling from cell i to cell j in time t∈ T \ {|T |}.

Let P be the set of resources and V ′ ⊆ V be the set of potential nodes where resources can

be allocated to increase capacity. We define the decision variable znpt to be 1 if resource p ∈ P is

allocated at node n∈ V ′ at time t∈ T and 0 otherwise. Let ∆i be the increment in the inflow and

outflow capacity of cell i ∈ In ⊂ I, in period t ∈ T if resource p ∈ P is allocated to this location

at this time, where In is the set of cells associated with road segments for whom n ∈ V ′ is a

downstream node. We define n(i) to be the node n associated with cell i, i.e., the junction which

increases the capacity of cell i by ∆i if a resource p is allocated to it. Let τpij be the time required

for resource p to travel from node i ∈ V ′ to node j ∈ V ′. In other words, if p is at node i at time
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t, it can be operational at node j the earliest at time t+ τpij + 1. Resources can be deployed from

a single or multiple depot nodes depending on the setting. We define R′ = ∪n∈V ′In ∩R to be the

union of cells associated with road segments corresponding to different downstream nodes n∈ V ′.
Staging and SIP or evacuate are two demand management strategies that we employ in this

study. Staging is accomplished by means of the decision variable yijt. In that sense, the term∑
j:(i,j)∈A yijt represents the number of evacuees starting their evacuation from resource cell i∈ So

at time t. We include SIP or evacuate decisions as follows. Let ei be 1 if we decide to evacuate

resource cell i and 0 if we make a SIP decision for that cell. The model formulation for joint

evacuate or SIP, staging and DRA (JESDRA) is presented below:

JESDRA:

min
∑
i∈I

∑
t∈T

citxit +
∑
i∈So

∑
t∈T ′

Dicit(1− ei) (1)

s.t. xit = xi,t−1 +
∑

j:(j,i)∈A

yji,t−1−
∑

j:(i,j)∈A

yij,t−1 i∈ I, t∈ T \ {1} (2)∑
i∈Se

xi,|T | =
∑
i∈So

Diei (3)∑
j:(j,i)∈A

yjit ≤ δi(Ni−xit) i∈R, t∈ T \ {|T |} (4)∑
j:(i,j)∈A

yijt ≤ xit i∈ I, t∈ T \ {|T |} (5)∑
j:(i,j)∈A

yijt ≤Qi i∈R \R′, t∈ T \ {|T |} (6)∑
j:(j,i)∈A

yjit ≤Qi i∈R \R′, t∈ T \ {|T |} (7)∑
j:(i,j)∈A

yijt ≤Qi +
∑
p∈P

∆izn(i)pt i∈R′, t∈ T \ {|T |} (8)∑
j:(j,i)∈A

yjit ≤Qi +
∑
p∈P

∆izn(i)pt i∈R′, t∈ T \ {|T |} (9)∑
p∈P

znpt ≤ 1 n∈ V ′, t∈ T (10)∑
n∈V ′

znpt ≤ 1 p∈ P, t∈ T (11)

zipt1 +
∑

j∈V ′:t1+τpij≥t2

zjpt2 ≤ 1 i∈ V ′, p∈ P, t1, t2 ∈ T : t2− t1 ≤max
j∈V ′

τpij (12)

xi1 =Diei, i∈ So (13)

xi1 = 0 i∈ I \So (14)

xit ≥ 0 i∈ I, t∈ T (15)

yijt ≥ 0 (i, j)∈A, t∈ T \ {|T |} (16)

znpt ∈ {0,1} n∈ V ′, p∈ P, t∈ T (17)
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ei ∈ {0,1}, i∈ So (18)

Objective function (1) minimizes the total risk of people who are evacuating or sheltering-in-

place. Flow balance is ensured by constraints (2). Constraints (3) guarantee that population of

every zone for which “evacuate” decision was given is evacuated to a safe region by time T . Flow

into each road segment cell i at every time interval t is limited by the capacity of the cell minus

the number of vehicles in the cell and the inflow capacity of the cell due to constraints (4) and (7),

respectively. The restriction that the flow out of a cell i at time interval t cannot be greater than

the number of vehicles in that cell or the outflow capacity of the cell is enforced by constraints (5)

and (6), respectively. Constraints (8) and (9) are the outflow and inflow capacity restrictions on

cell i at time t with possible additional capacity provided by resource allocation. Constraints (10)

- (12) are related to dynamic resource allocation. Constraints (10) prevent assigning more than

one resource at the same location n at the same time t and constraints (11) do not allow assigning

the same resource to more than one location at the same time interval t. Constraints (12) ensure

that a resource p located at location i at time t1 cannot be operational at a new location j before

t1 + τpij + 1. Constraints (13) define the starting conditions of each source cell i, i.e., there are Di

number of people to evacuate if an “evacuate” decision is given and 0 otherwise and constraints (14)

define the initial conditions of other cells. Finally, constraints (15) - (17) define variable domains.

4. A Benders Decomposition Approach

In this section, we propose an algorithm based on Benders decomposition (Benders 1962) to solve

realistic large scale instances. We project out continuous state and staging/routing decisions x and

y to obtain a Master Problem (MP) that generates evacuate or SIP and DRA decisions. MP has

fewer variables but a large number of constraints, i.e., Benders cuts, which are not all active at

an optimal solution. An iterative procedure is pursued by sending fixed evacuate or SIP and DRA

decisions to solve the subproblem (SP) and to obtain dual information from it to generate violated

Benders cuts until all of them are satisfied at a relaxed MP solution. For fixed evacuate or SIP

and DRA decisions obtained through solution of MP, the SP is an evacuation staging and routing

problem. Below we present the CTM-based SP:
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CTMSP:

min
∑
i∈I

∑
t∈T

citxit (19)

s.t. xit = xi,t−1 +
∑

j:(j,i)∈A

yji,t−1−
∑

j:(i,j)∈A

yij,t−1 i∈ I, t∈ T \ {1} (20)∑
i∈Se

xi,|T | =
∑
i∈So

Diēi (21)∑
j:(j,i)∈A

yjit ≤ δi(Ni−xit) i∈R, t∈ T \ {|T |} (22)∑
j:(i,j)∈A

yijt ≤ xit i∈ I, t∈ T \ {|T |} (23)∑
j:(j,i)∈A

yjit ≤Qi i∈R \R′, t∈ T \ {|T |} (24)∑
j:(i,j)∈A

yijt ≤Qi i∈R \R′, t∈ T \ {|T |} (25)∑
j:(j,i)∈A

yjit ≤Qi +
∑
p∈P

∆iz̄n(i)pt i∈R′, t∈ T \ {|T |} (26)∑
j:(i,j)∈A

yijt ≤Qi +
∑
p∈P

∆iz̄n(i)pt i∈R′, t∈ T \ {|T |} (27)

xi1 =Diēi, i∈ So (28)

xi1 = 0 i∈ I \So (29)

xit ≥ 0 i∈ I, t∈ T (30)

yijt ≥ 0 (i, j)∈A, t∈ T \ {|T |} (31)

Due to complexities of working with a CTM-based model for realistic large scale networks,

we transform CTM-based SP into a minimum cost flow formulation on a TEN. We discuss how

we make this transformation in Appendix A. Bish, Sherali, and Hobeika (2014) modify this for-

mulation to remove some of the side constraints of the resulting formulation and we follow the

same methodology. The modified time-space network-based formulation (TENSP) is based on the

following modifications on the TEN:

A super-source node so is connected to the initial (t= 1) replication of each source node i via

an arc of capacity Di and a risk value of ci0. Each source holdover arc from time t to t+ 1 has

a risk value of cit without any capacity restrictions. The final (t= |T |) replication of each sink is

connected to a super-sink node se via an arc having infinite capacity and a risk value of 0. Each

time-indexed replication (i, t) of roadway segment i is replaced by a three node sub-network, where

all incoming movement arcs for it enter the first node (A), which is then connected to the second

node (B) via an arc having a capacity of Qi and a risk value of 0. Furthermore, the second node

has an incoming holdover arc from its (t−1)th interval replication and an outgoing holdover arc to
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its (t+ 1)th interval replication, with these holdover arcs having a capacity of Ni and a risk value

of cit. The second node also has another outgoing arc of capacity Qi and a risk value of 0, which

connects it to the third node. All outgoing movement arcs for node (i, t) leave the third node (C)

with risk value cit and infinite capacity. Please see Figure 1c for the modified TEN. This modified

network is denoted by Ĝ= (Î , Â).

(a) Example cell net-
work with So = {so},
R = {1}, Se = {se}, T =
3

(b) Time-space
Expanded Cell Network

(c) Modified Time-space Expanded Cell Net-
work reducing side constraints

Figure 1: Transformation of cell network into a time-space expanded network

Let Ã⊂ Â be the union of arcs a in modified TEN, in the three-node-sub-network of road segment

type cell i ∈ R′ over time replications t ∈ T , with capacity qa = Qi, i.e., the incoming/outgoing

capacity of cell i and let Aso =
{

(so, i1)∈ Â : i∈ So
}

. The subproblem formulation based on this

modified time space network is as follows:

TENSP:

min
∑
a∈Â

cafa (32)

s.t.
∑

a∈Γ+(k)

fa−
∑

a∈Γ−(k)

fa =


∑

i∈SoDiēi k= so
−
∑

i∈SoDiēi k= se

0 ∀k ∈ Î \ {so, se}
(33)

fa ≤ qa +
∑
p∈P

∆i(a)z̄n(i(a))pt(a), a∈ Ã, (34)

fa ≤Di(a)ēi(a), a∈Aso, (35)

fa ≤ qa, a∈ Â \
(
Ã∪Aso

)
, (36)

∑
a∈Γ−(it+1

1 )

fa ≤ δi

Ni−
∑

a∈Γ+(it2)

fa

 , i∈R, t∈ T \ |T |, (37)
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fa ≥ 0, a∈ Â. (38)

where, ca, qa and fa are risk, capacity and evacuation flow values on every arc a ∈ Â, and i(a)

and t(a) are cell i ∈R′ and time t ∈ T associated with tail nodes of arc a ∈ Â, respectively. Side

constraint (37) to that network flow based formulation ensures that the number of vehicles in cell

i in period t plus the number of vehicles that enter that cell in period t+ 1 is restricted by Ni,

where (itk) corresponds to the kth node, k = A,B,C, in the three-node-subnetwork of tth copy of

roadway segment cell i∈R.

We associate dual variables αk, λa, and βit with constraints (33)-(37), respectively. We assume

that δi = 1. Below, we present the Dual Subproblem (TENDSP):

TENDSP:

max (αso−αse)
∑
i∈So

Diēi

+
∑

a∈Â\(Ã∪Aso)

λaqa +
∑
a∈Ã

λa

(
qa +

∑
p∈P

∆i(a)z̄n(i(a))pt(a)

)

+
∑
a∈Aso

λaDi(a)ēi(a) +
∑
i∈R

∑
t∈T\{|T |}

βitδiNi (39)

s.t. αu−αv +λ(u,v) +βit ≤ c(u,v), (u, v) = a∈ Â : u= it2 or u= it+1
1 , i∈R, t∈ T \ {|T |} (40)

αu−αv +λ(u,v) ≤ c(u,v), (u, v) = a∈ Â : u 6= it2, u 6= it+1
1 , i∈ I, t∈ T \ {|T |}, (41)

βit ≤ 0, i∈ I, t∈ T \ {|T |}, (42)

λa ≤ 0, a∈ Â, (43)

4.1. Benders Master Problem and Valid Inequalities

We ensure that the MP generates solutions that are feasible for the SP by calibrating evacuation

time span T to a large enough number such that even if all demand from source cells i ∈ So is

evacuated with no resource allocation at intersections, the evacuation of everyone to safe shelters

will be possible by T . Hence, we only add optimality cuts as deemed necessary. The MP is as

follows:

TENMP:

min
∑
i∈So

∑
t∈T ′

Dicit(1− ei) + θ (44)

s.t.
∑
p∈P

znpt ≤ 1, n∈ V ′, t∈ T (45)∑
n∈V ′

znpt ≤ 1, p∈ P, t∈ T (46)

zipt1 +
∑

j∈V ′:t1+τpij≥t2

zjpt2 ≤ 1, i∈ V ′, p∈ P, t1, t2 ∈ T ∪{0} : t2− t1 ≤max
j∈V ′

τpij, (47)
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θ≥ (ᾱbso− ᾱbse)
∑
i∈So

Diei

+
∑

a∈Â\(Ã∪Aso)

λ̄baqa +
∑
a∈Ã

λ̄ba

(
qa +

∑
p∈P

∆i(a)zn(i(a))pt(a)

)

+
∑
a∈Aso

λ̄baDi(a)ei(a) +
∑
i∈R

∑
t∈T\{|T |}

β̄bitδiNi, b= 1,2, · · · ,B (48)

znpt ∈ {0,1}, n∈ V ′, p∈ P, t∈ T ∪{0} , (49)

ei ∈ {0,1}, i∈ So. (50)

where αb, λ
b
, and β

b
are the values of α, λ, and β variables at the bth iteration of solving the SP,

respectively. The objective function (44) minimizes the total risk incurred by the people ordered

to shelter-in-place and the surrogate variable θ, which represents the value of the subproblem.

Constraints (45) - (47) determine dynamic resource allocation decisions as explained previously.

Constraints (48) are Benders optimality cuts. And finally constraints (49) and (50) define variable

domains. The following proposition characterizes a valid inequality that generalizes (47).

Proposition 1. Let t1, t2 ∈ T be such that t2− t1 ≤maxj∈V ′ τpij and V1 and V2 be two disjoint

subsets of V ′ such that t1 + τpij ≥ t2 for all i∈ V1 and j ∈ V2. The inequality∑
i∈V1

zipt1 +
∑
j∈V2

zjpt2 ≤ 1 V1, V2 ⊂ V ′ : V1 ∩V2 = ∅, p∈ P, t1, t2 ∈ T : t1 + τpij ≥ t2 (51)

is valid and generalizes (47).

Proof: Let resource p be deployed at location i ∈ V1 at time step t1. By definition of V1 and V2,

for any of the locations j ∈ V2, t1 + τpij ≥ t2, i.e., resource p cannot be deployed at location j until

time step t2 + 1. This proves the validity of the inequality. Constraint (47) is a special case of (51),

where V1 = {i}, i.e., it is a singleton and V2 = {j ∈ V ′ : t1 + τpij ≥ t2}. �

Constraints (51) are exponential in size. For that reason, we add them in an iterative manner

finding violated ones at every iteration. Given a fractional solution (x̄, ȳ, z̄), we solve the following

separation problem for each p, t1, and t2:

max
∑
i∈V ′

zipt1ai +
∑
j∈V ′

zjpt2bj (52)

s.t. ai + bj ≤ 1 i, j ∈ V ′ : t1 + τij ≤ t2− 1 (53)

ai ∈ {0,1} i∈ V ′ (54)

bi ∈ {0,1} i∈ V ′ (55)

where variable ai is 1 if i∈ V1 and bi is 1 if i∈ V2. The constraint matrix of this separation problem is

totally unimodular . Therefore it is sufficient to solve the LP relaxation of the separation problem.
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We employ the legacy (lazy constraint) and user cut callback features of Cplex to manage the

Benders decomposition algorithm. We check the violation of optimality cuts at every fractional

and integer point generated by the MP. The violation of valid inequalities is checked only at the

root node of the branch and bound tree. We refer to this algorithm as BD. We also tried generic

callback feature of Cplex to manage Benders decomposition, where copies of the subproblem are

solved in parallel, but found that it is not as efficient as legacy callback version. We further tested

Branch and Cut and Cut and Branch algorithms for our problem, where we do not employ any

decomposition methodologies. In the Branch and Cut algorithm, we employed the user cut callback

feature of Cplex to add violated valid inequalities. In the Cut and Branch algorithm, we first solve

the relaxation of the problem and add violated valid inequalities in an iterative manner until a

stopping criterion is met. Then, with the generated valid inequalities added, we let Cplex solve the

problem. For both of these algorithms, we employ TEN version of the model. These algorithms

were not as efficient as our Benders decomposition algorithm, either. For that reason, we do not

report their results.

4.2. Generation of Stronger and Initial Optimality Cuts

Since our subproblem is a network optimization problem, we may encounter degenerate primal

optimal solutions, equivalently multiple optimal solutions for the dual subproblem. Hence, optimal-

ity cuts of different strength can be generated (Magnanti and Wong 1981) and finding strong ones

among them may increase the efficiency of the algorithm. Given two multiplier vectors (α1, λ1, β1)

and (α2, λ2, β2), the first dominates the second if and only if

(α1
so−α1

se)
∑
i∈So

Diei +
∑

a∈Â\(Ã∪Aso)

λ1
aqa +

∑
a∈Ã

λ1
a

(
qa +

∑
p∈P

∆i(a)zn(i(a))pt(a)

)

+
∑
a∈Aso

λ1
aDi(a)ei(a) +

∑
i∈R

∑
t∈T\{|T |}

β1
itδiNi

≥ (α2
so−α2

se)
∑
i∈So

Diei +
∑

a∈Â\(Ã∪Aso)

λ2
aqa +

∑
a∈Ã

λ2
a

(
qa +

∑
p∈P

∆i(a)zn(i(a))pt(a)

)

+
∑
a∈Aso

λ2
aDi(a)ei(a) +

∑
i∈R

∑
t∈T\{|T |}

β2
itδiNi,

strict for at least one point e∈E,z ∈Z. A cut is said to be pareto-optimal, if it is not dominated by

any other cut. Let (e0, z0) be a point in the relative interior of the convex hull of feasible evacuate or
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SIP and DRA vectors and v(TENDSP (ē, z̄)) be the optimal value of TENDSP (ē, z̄). To generate

a strong cut, we solve the following auxiliary problem:

Magnanti Wong (MW) Problem:

max(αso−αse)
∑
i∈So

Die
0
i

+
∑

a∈Â\(Ã∪Aso)

λaqa +
∑
a∈Ã

λa

(
qa +

∑
p∈P

∆i(a)z
0
n(i(a))pt(a)

)

+
∑
a∈Aso

λaDi(a)e
0
i(a) +

∑
i∈R

∑
t∈T\{|T |}

βitδiNi, (56)

s.t. (40)− (43)

(αso−αse)
∑
i∈So

Diēi

+
∑

a∈Â\(Ã∪Aso)

λaqa +
∑
a∈Ã

λa

(
qa +

∑
p∈P

∆i(a)z̄n(i(a))pt(a)

)

+
∑
a∈Aso

λaDi(a)ēi(a) +
∑
i∈R

∑
t∈T\{|T |}

βitδiNi = v(TENSP (ē, z̄)) (57)

Constraint (57) in the dual auxiliary problem MW ensures that one chooses an optimal multiplier

vector from among alternative ones. And the objective function of the MW problem chooses among

these multiplier vectors the one that generates the strongest cut to be added to MP. We refer to

the version of our algorithm employing this procedure as BDMW.

MW problem depends on a solution generated by the Benders subproblem and a carefully chosen

core point. Papadakos (2008) points out that finding a core point is not trivial and that (e0, z0)

does not have to be a core point, and shows that generated cut will still be a valid optimality cut.

They further state that the constraints (57) may cause numerical unboundedness issues and can be

removed from the MW problem. That way a MW problem independent of the subproblem enables

us adding an initial optimality cut before solving the MP.

5. Computational Study

In this section, we report results of extensive numerical experiments conducted to test the perfor-

mance of the proposed algorithms and derive managerial insights based on the instances using a

realistic case study. Before presenting the results of our experiments and the managerial insights

derived, we first discuss the implementation details.

5.1. Data Used and Experimental Design

In our computational experiments, we used the Dallas-Fort Worth network data from He, Zheng,

and Peeta (2015), shown in Figure 2. The network consists of 179 nodes, 445 arcs, 18 evacuation

zones (source nodes), 12 safe shelters (exit nodes) and 27 potential resource locations. The network



Bayram, and Yaman: The JDSME
20 Article submitted to ; manuscript no. (Please, provide the manuscript number!)

consists of a freeway between nodes 116 and 117, which is connected to arterial roads and local

streets by on and off ramps. We assume that the freeway has a capacity 1,800 vehicles per hour

per lane and a free flow speed of 65 miles per hour, arterial roads and local streets have a capacity

of 900 vehicles per hour per lane and a free flow speed of 40 miles per hour and finally on and

off-ramps have a capacity of 1,200 vehicles per hour per lane and a free flow speed of 30 miles per

hour. We use a time step length of 30 seconds. This translates into 584 cells and 1,419 arcs in the

cell network. We compute the capacity values Ni and Qi for a cell i as follows: Maximum number

of vehicles that can be accommodated in cell i, Ni is computed by dividing cell length by sum of

traffic jam distance and vehicle length. Cell length is a multiplication of time period length with

the free flow speed at that road segment and traffic jam distance and vehicle length is assumed to

be 1 m. and 4.77 m., respectively (Kimms and Maiwald 2017). The inflow and outflow capacity Qi

of a cell i is determined by dividing cell length with the sum of safety distance and vehicle length,

where safety distance is the distance a vehicle will travel in one second using corresponding free

flow speed of that road segment. These capacity values are multiplied by the number of lanes of

a given road segment. If a resource is allocated to an intersection, we assume that the capacity of

the cells corresponding to the upstream road segments of that intersection will be increased by one

third of their original capacity.

Although the methodology we propose can be used for evacuation against any type of disasters,

for the sake of illustration, we implement it for two types of disasters, a convective weather event

such as a tornado and a nuclear/biological/chemical (NBC) event. We assume that if SIP order is

given for a zone, population at this zone will comply with the order and that the risk of being in

a structure such as home is smaller compared to being in a vehicle and that the risk exposed at

safe shelters is zero. Dallas-Fort Worth area is reported to be among the riskiest urban areas in

U.S. in case of a large violent tornado (Rae and Stefkovich 2000). For computation of risk values

against tornado, we adopt a similar approach as in Karabuk and Manzour (2019) based on stepwise

distances and protection levels “in residence” or “in vehicle” derived by means of tornado fujita

scale damage mapping (NCTCoG 2020). Speed of the tornado is assumed to be 30 miles per hour.

For the nuclear/biological/chemical incident, we use risk as a function inversely proportional to

the square of the distance from the source of the threat up to 10 miles (NRC 2020). The travel

speed of the hazard is assumed to be 10 miles per hour. We assume the impact radius of the NBC

incident is immediately in effect after its occurrence. In both cases, risk is valued between 0 and

1, i.e., it represents the probability of injury or possibly death at a given location and time.

We perform our computational tests on a workstation with 2 Xeon Silver 4114 2.20 GHz CPUs,

20 cores, 40 threads and 128 GB RAM by using Java ILOG CPLEX version 12.9. We employ a

time limit of two hours to solve the instances. Table 1 describes how we designed our experiments
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(a) The impact area of and the track 1 fol-
lowed by a tornado

(b) The impact area of and the track 1 fol-
lowed by a NBC type incident

Figure 2: Dallas Fort Worth Evacuation Road Network (He, Zheng, and Peeta 2015)

to test the computational efficiency of our algorithms. There are two disaster types, two tracks

that hazards follow (south-north and southwest-northeast), 3 different lead times (15, 30, 45),

8 uniformly distributed demand values between specified lower and upperbounds, and finally 8

different number of resources used. In this setting lead time (LT) is defined as the amount of time

evacuees have to leave the risk zone before disaster hits. Evacuation time span T is calibrated to

a large enough number such that even if all demand from source cells i ∈ So is evacuated with

no resource allocation at intersections, the evacuation of everyone to safe shelters will be possible

by T . We call this instance-based feasibility range of T . For the managerial insights derived from

different demand values with different evacuation time span values, T is fixed to largest one, i.e.,

T = 120 and T = 300 for NBC and tornado cases, respectively. Disaster time period span T ′ is the

time when tornado or NBC incident leaves the evacuation network.
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To this end, we design six groups of experiments. The first group (denoted by E0) has the base

(default) parameter settings. In the other five groups we consider variants of a parameter in E0 to

inspect its impact. To derive managerial insights we test additional instances.

Table 1 Experimental Design

Scenario Parameter E0 E1 E2 E3 E4 E5

Disaster 1 2
Track 1 2
Lead Time (min.s) 30 15, 45

Demand (Di) [1000, 1200]

[1200, 1450], [1500, 1800],
[1800, 2150], [2000, 2400],
[2200, 2650], [2500, 3000],

[3000, 3600]

# of Resources 5
3, 4, 6, 7,
8, 9, 10

5.2. Computational Efficiency of the Proposed Algorithms

Next, we discuss the computational efficiency of the three algorithms we employ for computational

testing. The first one of these is NFBEM, where we use Cplex to solve the time-expanded network

flow based evacuation model. The other two algorithms are the two Benders decomposition based

algorithms that we proposed in Section 4, i.e., BD and BDMW.

In Table 2, we report the number of nodes searched in branch and bound tree not including

the root node (# np), number of optimality cuts added at integer (# IntO) and fractional (#

FrO) solutions, number of valid inequalities generated (# VI), and the solution time (Sol.T.) under

different experimental settings, where “Nodes” and “Arcs” columns represent number of nodes

and arcs in the TEN, “DT”, “Tr.”, “LT”, “TD”, and |P | columns represent disaster type, track,

lead time, total evacuation demand (in number of vehicles), and number of resources, respectively.

Under column “Sol.T.”, we report the solution time if the instance is solved to optimality before

the time limit, and report in parentheses the percent relative gap, otherwise.

The setting of the evacuation (disaster type, hazard speed, risk) has an effect on the solution

times. The instances related to the first type of disaster (tornado) are relatively easier and except

for the three largest instances for NFBEM, all are solved to optimality by all algorithms. On

the other hand, even for small scale disaster type 2 instances, algorithms hit the time limit. The

instances that are solved to optimality, are solved at the root node for all algorithms. This is

due to including fractional optimality cuts and the valid inequalities at the root node for BD and

BDMW algorithms. As T and/or |P | increase, the solution times increase, due to the fact that a

larger T results in a larger size TEN and larger T and |P | lead to larger number of binary resource
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Table 2 Performance of the proposed algorithms

Experiment Setting NFBEM BD BDMW

T #
Nodes

#
Arcs

DT Tr. LT TD |P | #
np

Sol.T. #
np

#
IntO

#
FrO

#
VI

Sol.T. #
np

#
IntO

#
FrO

#
VI

Sol.T.

120 203,042 371,347 1 1 30 19,751 3 0 56.98 0 0 0 0 235.13 0 0 0 0 233.50
120 203,042 371,347 2 1 30 19,751 3 0 (2.96) 0 19 100 95 (2.19) 0 24 17 94 (3.14)
120 203,042 371,347 1 1 30 19,751 4 0 93.44 0 0 0 0 245.38 0 0 0 0 248.13
120 203,042 371,347 2 1 30 19,751 4 0 (2.93) 0 17 70 1,139 (2.22) 0 14 8 342 (16.23)
120 203,042 371,347 1 1 30 19,751 5 0 101.98 0 0 0 0 250.41 0 0 0 0 248.07
120 203,042 371,347 2 1 30 19,751 5 0 (2.93) 0 3 0 0 (92.27) 0 19 15 1,105 (5.84)
120 203,042 371,347 1 2 30 19,751 5 0 0.12 0 0 0 0 124.03 0 0 0 0 124.97
120 203,042 371,347 2 2 30 19,751 5 0 (0.65) 0 26 60 1,038 (0.25) 0 8 5 248 (12.76)
120 203,042 371,347 1 1 15 19,751 5 0 149.37 0 2 0 0 310.81 0 1 0 0 441.36
120 203,042 371,347 2 1 15 19,751 5 0 (0.13) 0 12 40 919 (0.17) 0 15 11 280 (0.79)
120 203,042 371,347 1 1 45 19,751 5 0 76.16 0 0 0 0 218.70 0 0 0 0 221.39
120 203,042 371,347 2 1 45 19,751 5 0 (4.46) 0 22 43 2,669 (3.55) 0 15 14 952 (11.40)
120 203,042 371,347 1 1 30 19,751 6 0 115.30 0 0 0 0 256.62 0 0 0 0 256.40
120 203,042 371,347 2 1 30 19,751 6 0 (2.94) 0 15 42 2,961 (2.27) 0 14 12 1,280 (6.57)
120 203,042 371,347 1 1 30 19,751 7 0 123.95 0 0 0 0 274.65 0 0 0 0 266.77
120 203,042 371,347 2 1 30 19,751 7 0 (2.96) 0 18 34 4,731 (2.43) 0 13 14 2,326 (5.42)
120 203,042 371,347 1 1 30 19,751 8 0 139.82 0 0 0 0 270.39 0 0 0 0 278.99
120 203,042 371,347 2 1 30 19,751 8 0 (2.94) 0 3 2 472 (100.00) 0 16 12 3,057 (10.13)
120 203,042 371,347 1 1 30 19,751 9 0 158.86 0 0 0 0 284.14 0 0 0 0 285.47
120 203,042 371,347 2 1 30 19,751 9 0 (2.96) 0 14 23 6,828 (3.55) 0 9 8 2,989 (12.67)
120 203,042 371,347 1 1 30 19,751 10 0 165.25 0 0 0 0 288.51 0 0 0 0 289.76
120 203,042 371,347 2 1 30 19,751 10 0 (100.00) 0 3 3 1,234 (100.00) 0 10 13 4,250 (4.72)
140 236,882 433,567 1 1 30 24,551 5 0 137.89 0 8 0 0 1,192 0 1 0 0 710.55
140 236,882 433,567 2 1 30 24,551 5 0 (2.79) 0 15 32 1,767 (1.83) 0 15 9 403 (10.07)
160 270,722 495,787 1 1 30 30,351 5 0 148.34 0 3 0 0 532.86 0 4 0 0 1,708
160 270,722 495,787 2 1 30 30,351 5 0 (1.49) 0 13 21 1,020 (1.47) 0 11 6 321 (8.11)
180 304,562 558,007 1 1 30 34,851 5 0 153.25 0 1 0 0 684.63 0 3 0 0 1,609
180 304,562 558,007 2 1 30 34,851 5 0 (100.00) 0 13 17 1,216 (1.01) 0 7 7 731 (6.13)
200 338,402 620,227 1 1 30 39,551 5 0 261.35 0 2 0 0 977.16 0 1 0 0 1,576
200 338,402 620,227 2 1 30 39,551 5 0 (100.00) 0 9 14 1,522 (1.85) 0 3 5 483 (100.00)
220 372,242 682,447 1 1 30 43,551 5 0 (86.16) 0 2 0 0 880.49 0 1 0 0 1,726
220 372,242 682,447 2 1 30 43,551 5 0 (100.00) 0 8 12 1,376 (3.53) 0 4 6 603 (9.96)
250 423,002 775,777 1 1 30 49,951 5 0 (75.05) 0 2 0 0 1,517 0 1 0 0 2,374
250 423,002 775,777 2 1 30 49,951 5 0 (100.00) 0 3 0 0 (100.00) 0 3 0 0 (100.00)
300 507,602 931,327 1 1 30 60,351 5 0 (61.26) 0 2 0 0 1,715 0 3 0 0 3,577
300 507,602 931,327 2 1 30 60,351 5 0 (100.00) 0 3 6 136 (100.00) 0 2 0 0 (100.00)

allocation decision variables. However, due to the tradeoff between risk and evacuation time, when

T gets smaller in its instance-based feasibility range, the algorithm will try to find a solution that

evacuates everyone by T at the expense of bigger total risk exposure, which results in a decrease

in efficiency. As lead time increases, the solution times for disaster type 1 decrease, however, the

relative gaps for disaster type 2 increase. The average gaps over all instances are 23.68, 14.41, and

11.78 for NFBEM, BD and BDMW algorithms, respectively. For large scale instances, i.e., instances

with larger T , “Tot.D.”, and/or |P |, the average gaps are 40.78, 20.36, and 17.79, respectively.

Among 36 instances reported, there exist nine instances with a gap of 60 % or higher for NFBEM.

This number is five and three for BD and BDMW, respectively. We observe that especially for

large scale instances Benders decomposition based algorithms are superior to NFBEM and that

BDMW is slightly more efficient in large scale instances compared to BD. On the other hand, there

exist five instances with a gap of 10 % or higher for BD, whereas this number is nine for BDMW.
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Figure 3: Effect of lead time, NBC case

We observe that for BDMW algorithm, the number of optimality cuts added at both integer and

fractional solutions and the number of valid inequalities generated significantly decrease compared

to BD algorithm.

Next, we present the managerial insights derived.

5.3. Managerial Insights

In this section, we investigate the individual and joint effect of dynamic resource allocation and

evacuate or SIP decisions on the efficiency of evacuation management. For the tornado case, due to

relatively smaller impact radius and the aggregate zone representation of the evacuation demand

points, only zones 135, 136, 137, and 138 are evacuated and rest of the zones are ordered to SIP,

in all of the instances.

Figure 3 illustrates the effect of lead time on evacuation management for the NBC case. Figure

3a shows how lead time affects the total risk evacuees are exposed to, i.e., as lead time increases

the total risk evacuees are exposed to decreases. Naturally, total risk also increases with increasing

demand and using resources at critical intersections has a decreasing effect on risk to some degree.

As lead time increases, the number of zones ordered to evacuate also increases (see Figure 3b),

that is, depending on the population size it becomes possible to evacuate people in more zones

to safety with enough lead time from the impact of the disaster. When evacuation demand gets

smaller, more zones are ordered to evacuate.

Figure 4 illustrates how the resources are used to manage evacuation for various levels of demand,

for the NBC case. In Figures 4a and 4b, we present the number of time periods resources are

used and the locations that are allocated a resource, respectively. On average, majority of the
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Figure 4: Resource usage, NBC case, LT = 15, |P |= 6

resources are used between 20-30 time steps (around 20-25 % of T ). The locations that receive a

resource for at least one time step are: 12, 15, 16, 71, 74, 87, 88, 94, 114, and on average a location

has a resource for around 20-25 time steps. The number of time steps resources are allocated to

critical intersections highly depends on the demand level (see Figure 4c). As demand level increases

resources are used for longer time periods in the same or different locations. In Figure 5, we illustrate

dynamic allocation of different resources to the critical intersections of the evacuation road network

for NBC case. We observe that different resources can cover the same location over different time

intervals and the same resource can come back to the same location it covered in earlier time steps.

This is also a good example to show the importance of dynamically moving resources over different

locations. When an intersection becomes critical due to congestion, a resource located at a nearby

intersection leaves its current location to move to that location, while another resource may fill in

the location of that resource that just moved.

Figure 6 demonstrates the effect of using dynamic resources at critical locations over time in

the evacuation network. When “Evacuate or SIP” and dynamic resource allocation strategies are

employed together, the amount of resources needed decreases compared to the policy where every-

one is evacuated. Generally, for high levels of demand, there is a potential benefit of using up to

four resources when “Evacuate or SIP” and dynamic resource allocation decisions are jointly opti-

mized, and the benefit obtained from additional resources is marginal (see Figure 6a). There is an

improvement in total risk value up to 5% due to DRA. For the policy, where SIP is not considered

and all population is evacuated, there is a bigger need for and higher benefit from dynamic resource

allocation (see Figure 6b). The improvement in the total risk due to DRA is up to 14% when all

zones are evacuated. We observe that the total risk incurred by all population when “Evacuate or

SIP” and dynamic resource allocation strategies are employed together with no resources is almost
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Figure 5: Movement of resources over different locations over time, NBC case, LT = 15, |P |= 4
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Figure 6: Effect of # of resources, NBC case

the same as the one incurred under “Evacuate” policy with 6 resources. Generally, we did not

observe an effect of number of resources used on the number of zones ordered to evacuate except

for a single instance (see Figure 6c), where the number of zones ordered is 15 when there is no

resource and becomes 16 when 2 resources are employed.

Finally, Figure 7 compares the efficiency of three policies, i.e., “Evacuate”, “SIP”, and “Zone

Based Evacuate or SIP”, for both NBC and tornado cases. It is clear from the figure that “Zone

Based Evacuate or SIP” policy is the best policy that minimizes total risk. Dynamic resource

allocation to critical intersections helps to reduce risk to some extent.
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Figure 7: Comparison of “Evacuate”, “SIP”, and “Zone Based Evacuate or SIP” policies

6. Conclusion

Large scale evacuation of urban areas is a difficult operation to manage and involves complexities

that must be tackled. To address these complexities and to promote and effective evacuation plan,

zone-based supply and demand management strategies must be jointly considered. Evacuation

management agencies generally tend to implement or suggest SIP as the primary option. However,

the decision on whether to evacuate or SIP must be carefully given as it requires considering various

factors including risk.

In this paper, we introduced models and solution methodologies that jointly consider supply and

demand management strategies for an efficient urban evacuation. We proposed a CTM-based based

MIP formulation that jointly optimizes evacuate or SIP and staging decisions as demand manage-

ment strategies and dynamic resource allocation as a supply management strategy. We developed

Benders decomposition based exact solution methodologies to solve realistic instances in reasonable

times. We used a network flow based formulation on a time-expanded network for the Benders

subpoblem and enhanced the efficiency of the algorithm through valid inequalities and generating

initial and strong optimality cuts. We further conducted extensive numerical experiments to test

the efficiency of the algorithm and to derive managerial insights.

In essence, we found that ordering whole population at risk either to evacuate or to SIP is not

the safest approach. Rather, depending on the type and impact of the disaster, an approach that

enables controlling and giving individual directions to the population at risk in different zones, as to

whether evacuation or SIP is the safer option and if evacuation is the safer option as to the timing

of the evacuation must be adopted. As a supply management strategy, dynamic resource allocation

helps decreasing congestion in the evacuation network and hence enables faster and safer evacuation
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of the population at risk, but by itself is not enough. A joint optimization of zone-based evacuate

or SIP and dynamic resource allocation decisions yields more efficient evacuation management

solutions with minimal total risk incurred and less resources required. As evacuation demand gets

bigger, the importance of implementing such a zone-based approach is emphasized. If an evacuation

decision is necessary, it is important to give timely evacuation orders. Therefore, depending on the

type of the disaster early warning systems play a crucial role for a safe evacuation operation. As

lead time increases, the number of zones ordered to evacuate also increases. When there is enough

lead time, evacuation should be the preferred option if disaster management agencies are seeking

to minimize total risk rather than cost.

The problem setting can be extended in a variety of ways. In this study, we assumed a determin-

istic setting with perfect information on evacuation demand, road network capacity, and the track

and impact of the disaster event. However, there is significant uncertainty that must be accounted

for and a scenario-based two/multi-stage stochastic programming approach can be employed to

accommodate for it. Also, other supply and demand management strategies can be incorporated

in the mathematical formulation.
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Appendix A: A Time Expanded Network Flow Based Formulation for Benders
Subproblem

We construct a new graph G′ = (I ′,A′) by creating time copies of the cell set I, where I ′ = {(i, t) : i∈ I, t∈ T}

and arc set A′ = {(i, t− 1), (j, t) : (i, j)∈A or i= j, t∈ T \ {1}}. See Figure 1a and Figure 1b for an example

cell network and its time-space expanded version, respectively, where dotted arcs are holdover arcs that

represent the vehicles that do not leave a cell at a given time interval. Using G′ = (I ′,A′), we transform the

CTM-based SP into TEN-based formulation (TENSP) as in Bish, Sherali, and Hobeika (2014).

Let f(i,t),(j,t+1) denote the flow on arc (i, t), (j, t+ 1) ∈A′. We use the equivalences yijt = f(i,t),(j,t+1), for

(i, j) ∈ A and t ∈ T \ {|T |} and xit =
∑

j:((i,t),(j,t+1))∈A′ f(i,t),(j,t+1), for i ∈ I and t ∈ T \ {|T |}, to obtain

TEN-based formulation. Below is a description of how we make this transformation for each constraint.

For i∈ I and t∈ T \ {1}, the right hand side of the flow conservation constraint is :

xi,t−1 +
∑

j:(j,i)∈A

yji,t−1−
∑

j:(i,j)∈A

yij,t−1 =
∑

j:((i,t−1),(j,t))∈A′

f(i,t−1),(j,t) +
∑

j:(j,i)∈A

f(j,t−1),(i,t)−
∑

j:(i,j)∈A

f(i,t−1),(j,t)

= f(i,t−1),(i,t) +
∑

j:(j,i)∈A

f(j,t−1),(i,t)

=
∑

j:((j,t−1),(i,t))∈A′

f(j,t−1),(i,t).

Consequently, for i∈ I and t∈ T \ {1, |T |}, the flow conservation constraint becomes:

∑
j:((i,t),(j,t+1))∈A′

f(i,t),(j,t+1) =
∑

j:((j,t−1),(i,t))∈A′

f(j,t−1),(i,t)

For i∈ I \Se, xi,|T | must be zero for feasibility. Hence the flow conservation constraint for t= |T | is

0 =
∑

j:((j,|T |−1),(i,|T |))∈A′

f(j,|T |−1),(i,|T |).

For i∈ Se, we have xi,|T | =
∑

j:((j,|T |−1),(i,|T |))∈A′ f(j,|T |−1),(i,|T |). We substitute this in constraint (21), which

becomes

∑
i∈Se

∑
j:((j,|T |−1),(i,|T |))∈A′

f(j,|T |−1),(i,|T |) =
∑
i∈So

Diēi

Finally, constraint (23) for i∈ I and t∈ T \ {|T |} becomes

∑
j:(i,j)∈A

f(i,t),(j,t+1) ≤
∑

j:((i,t),(j,t+1))∈A′

f(i,t),(j,t+1)
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which is the same as f(i,t),(i,t+1) ≥ 0. Below we present TEN-based formulation we obtain:

min
∑
i∈I

∑
t∈T\{|T |}

cit
∑

j:((i,t),(j,t+1))∈A′

f(i,t),(j,t+1) (58)

s.t.
∑

j:((i,t),(j,t+1))∈A′

f(i,t),(j,t+1) =
∑

j:((j,t−1),(i,t))∈A′

f(j,t−1),(i,t) i∈ I, t∈ T \ {1, |T |} (59)

∑
j:((j,|T |−1),(i,|T |))∈A′

f(j,|T |−1),(i,|T |) = 0 i∈ I \Se (60)

∑
i∈Se

∑
j:((j,|T |−1),(i,|T |))∈A′

f(j,|T |−1),(i,|T |) =
∑
i∈So

Diēi (61)

∑
j:(j,i)∈A

f(j,t),(i,t+1) ≤ δi

Ni−
∑

j:((i,t),(j,t+1))∈A′

f(i,t),(j,t+1)

 i∈R, t∈ T \ {|T |} (62)

∑
j:(j,i)∈A

f(j,t),(i,t+1) ≤Qi i∈R \R′, t∈ T \ {|T |} (63)

∑
j:(i,j)∈A

f(i,t),(j,t+1) ≤Qi i∈R \R′, t∈ T \ {|T |} (64)

∑
j:(j,i)∈A

f(j,t),(i,t+1) ≤Qi +
∑
p∈P

∆iz̄n(i)pt i∈R′, t∈ T \ {|T |} (65)

∑
j:(i,j)∈A

f(i,t),(j,t+1) ≤Qi +
∑
p∈P

∆iz̄n(i)pt i∈R′, t∈ T \ {|T |} (66)

∑
j:((i,1),(j,2))∈A′

f(i,1),(j,2) =Diēi i∈ I (67)

f(i,t),(j,t+1) ≥ 0 (i, t), (j, t+ 1)∈A′ (68)
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