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Abstract

For the purposes of post-disaster response and recovery we view the transportation system as a

network whose nodes are transportation hubs and whose linkscorrespond to various transportation

modes. We focus on: (a) transport resources (e.g., first responders, supplies) from “depots” to

nodes in need, and (b) evacuating people. Regarding (a), we present a Cooperative Receding

Horizon (CRH) methodology whereby, rather than trying to planout vehicle trajectories over a

long time horizon, we only consider states reached at the endof a limited time window. The

controller can hedge against uncertainty and react to emerging events. Regarding (b), we present

techniques suitable for networks operating in regimes where nodes are accumulating entities (e.g.,

people) and the objective is to “empty” the network by transporting them to specific destinations.

Our policies provide guarantees on worst case delay and enable cooperation among evacuation

vehicles.

Keywords: Post-disaster response, controlled evacuation, transportation, resource provisioning.
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Optimizing the Transportation System’s Response Capabilities

1 Introduction

For the purposes of a post-disaster response and recovery scenario we view the transportation sys-

tem as a network whose nodes are major transportation hubs (e.g., train stations, ports, airports,

depots, major intersections) or destination points (e.g.,places where a disaster has occurred) which

need to be “visited” in order to perform some function (e.g.,deliver resources or remove undesir-

able material.) The links of the network correspond to the various modes of transportation between

the nodes (e.g., highways, railroads, airplanes). The links are traversed by various types of vehicles

depending on the “assets” the transportation system has at its disposal. Whereas the normal opera-

tion of this system is in “steady-state,” the aftermath of a disaster introduces a variety of “transient

phenomena” to which the system must respond following policies that are markedly different from

its normal operating mode. We will focus on two main post-disaster response functions: (a) trans-

port resources (e.g., first responders, supplies) from “depots” to nodes where they are needed, and

(b) evacuating people from the affected areas.

Regarding (a), these tasks must occur in a way that minimizes time of delivery, while maxi-

mizing the benefit of a particular task over another. This gives rise to optimization problems with

two characteristics distinguishing them from standard transportation problems:(i) the need for

cooperation among the vehicles so as to maximize the serviceprovided by the group (instead of

an individual member), and(ii) the dynamic nature of the problem, in the sense that new requests

arise during the execution of present tasks. These are all routing and scheduling problems with ex-

plosive combinatorial complexity, yet controllers are required to calculate commands in real time.

To that end, we have developed aCooperative Receding Horizon(CRH) methodology (first in-

troduced in [Li and Cassandras, 2006]) which will be further described in this paper. Rather than

attempting to devise an optimal plan for all vehicle trajectories over a long time horizon, the basic

CRH idea is to consider states the system can reach at the end of alimited time window called

the “planning horizon.” A CRH controller selects a state at theend of the planning horizon which

optimizes a given objective function in an expected value sense, thus hedging against uncertainty

and reacting to future events as they arise. This is why it is referred to as a “hedge-and-react”

approach, as opposed to the more traditional “estimate-and-plan” methods.

Regarding (b), we will present techniques we have developed for the study of networks op-

erating in regimes where nodes have accumulated large amounts of entities (e.g., people) and the

objective is to “empty” the network by transporting these entities to specific destinations. We will
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consider two distinct scenarios: a “static” and a “dynamic”one depending on the urgency for the

evacuation. The static scenario corresponds to an orderly process while the dynamic scenario con-

siders a very volatile situation where evacuees need to leave the affected area as soon as possible.

Our static evacuation policies provide guarantees on worstcase delay and allow for cooperation

among vehicles, essentially assigning each congested nodeto a particular vehicle. Our dynamic

policies also leverage vehicle cooperation and solve a veryhard dynamic optimization problem

suffering from the well known curse-of-dimensionality using recently developed approximate dy-

namic programming techniques.

2 The Cooperative Receding Horizon Response Approach

We view the transportation system as a network whose nodes are eitherbasesor target points

interconnected by links traversed by different vehicle types referred to asvehicles. A base may

be a transportation hub where resources can be acquired or deposited or where vehicles are stored

when not required or when needing maintenance and refueling. A target point is any destination

of interest for one or more vehicles. We assume that there areB bases,M vehicles, andN target

points with the understanding that these numbers may changeover time. Associated with a target

point i is a reward Ri(t) which represents the importance of this point relative to others at any

given timet. A similar reward is associated with any base, but it is a function of both the base

b and a vehiclej and denoted byRbj(t); this captures, for instance, the importance of a vehicle

reaching a base for refueling purposes. It is often convenient to writeRi(t) asRiφi(t) whereRi

is an initially assigned reward andφi(t) ∈ [0, 1] is a discounting function which describes the

reward change over time. Thus, by appropriately selectingφi(t), it is possible to capture timing

constraints such as assigning a deadline to a target point beyond which the reward is lost, as well

as precedence constraints. Finally, by allowingRi < 0 for somei and properly selectingφi(t), we

may also model an obstacle or threat in the mission space (seealso [Li and Cassandras, 2004]).

A mission is defined as the process of controlling the movement of the vehicles and ulti-

mately assigning them to target points so as to maximize the total reward collected by visit-

ing target points within a given mission timeT or until a specified condition is satisfied. Note

that the goal of the mission does not involve rewards collected from bases; such rewards affect

only indirectly the state of a vehicle, as explained later. This setting gives rise to a complex

stochastic optimal control problem. One can invoke dynamicprogramming as a solution approach

[Bertsekas, 1995, Puterman, 1994, Cao, 2007], but this is computationally intractable even for rel-

atively simple mission control settings [Wohletz et al., 2001],[Curry et al., 2002] or, more gener-
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ally, vehicle routing problems [Li et al., 2005]. Because of the complexity of the overall prob-

lem, it is natural to decompose it into various subproblems at different levels, but even so the

problem remains intractable. An alternative to this “functional decomposition” approach is one

based on time decomposition. The main idea is to solve an optimization problem seeking to max-

imize the totalexpectedreward accumulated by the team over a given time horizon, andthen

continuously extend this time horizon forward (either periodically or in purely event-driven fash-

ion). This idea is in the spirit of receding horizon schemes associated with model-predictive con-

trol, e.g., [Mayne and Michalska, 1990], [Dunbar and Murray, 2004], [Richards and How, 2004],

[Frazzoli and Bullo, 2004]. The resulting cooperative control scheme dynamically determines ve-

hicle trajectories by solving a sequence of optimization problems over aplanning horizon and

executing them over a shorteraction horizon. We must emphasize that the optimization problem

involved does not attempt to make any explicit vehicle-to-target assignments, but only to determine

headings that, at the end of the current planning horizon, would place vehicles at positions such that

a total expected reward is maximized. A somewhat surprisingresult [Li and Cassandras, 2006] is

that vehicle trajectories automatically converge to target points, despite the fact that our approach,

by its nature, was never intended to perform any such discrete vehicle-to-target-point assignment.

With this seemingly salient property, an advantage of this approach is that it integrates the three

tasks of (i) vehicle assignment to target points, (ii) routing of the vehicles to their assigned target

points, and (iii) real-time trajectory generation, all in one function: controlling vehicle headings in

real time. In what follows, we outline the CRH approach.

The location of theith target point isyi ∈ R
2, and that of thejth vehicle at timet is xj(t) ∈

R
2. In order to distinguish the effectiveness of vehicles relative to a target pointi, we define a

capability factor pij(t) ∈ [0, 1], which reflects the probability that a vehiclej visiting point i at

time t will complete the task and collect the rewardRiφi(t). In practice, this is a function of the

vehicle state at timet. For example, in an evacuation scenario,pij(t) may represent the fraction

of individuals that vehiclei can carry when visiting target pointj; in a resource delivery scenario,

pij(t) may represent the fraction of required resources that vehicle i can deliver to target point

j. If during a visit to target pointj a vehiclei successfully completes its task, it will collect the

corresponding reward and, at the same time, target pointi is no longer of interest to the mission and

it is removed from consideration. Since a visit at pointi is related to the consumption of vehiclej’s

resources, its capability factorpij(t) may decrease after the visit. This justifies the use of rewards

Rbj(t) at bases which allows vehicles to make decisions on whether to visit a base as opposed to a

target point as part of its mission trajectory. In addition,if while visiting i vehiclej is damaged, a

negative reward is collected, andj is removed from the set of available vehicles or sent to a base.
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The cooperative structure of a mission is manifested by vehicles dynamically partitioning the

mission space and implicitly allocating regions of it amongthemselves. Given an arbitrary point

y ∈ R
2 in the mission space (not necessarily a target point), we would like to assign this point

to vehicles at timet so thaty is assigned to the closest vehicle with the highest probability. To

formalize this idea, we define aneighbor setN r(y, t) to include ther closest vehicles toy ∈ R
2

at timet, wherer ∈ {1, . . . ,M}. Let N l(y, t) be thelth closest vehicle toy so thatN r(y, t) =

{N1(y, t), . . . , N r(y, t)}. We then define therelative distance function, δj(y, t), as follows:

δj(y, t) =











‖xj(t)− y‖
∑

k∈N r(y,t) ||xk(t)− y||
if j ∈ N r(y, t)

1 otherwise
(1)

where of particular interest is the caser = 2. Next, we define arelative proximity function

qj(y, δj) to be any nonincreasing function ofδj such thatqj(y, 0) = 1, qj(y, 1) = 0. We can view

qij(δij) as the probability that target pointi is assigned to vehiclej at timet, based on the value of

δij(t), and observe that
∑

j qij(δij) = 1.

Clearly, in a ground transportation network, we cannot assume that the mission space is mod-

eled in a plane and must instead operate on a given network defined by roads and/or railroad tracks

and modeled through a graph. Our setting allows for such a graph-based topology, as seen in a

specialized transportation problem involving elevator systems, where elevator cars are obviously

constrained to move under specific constraints [Wesselowski and Cassandras, 2006]. In what fol-

lows, however, we limit ourselves to a plane so as to describethe basic ideas involved. Then, we

assume a vehicle travels at constant velocity throughout the team mission, i.e.,

ẋj(t) = Vj

[

cos uj(t)

sin uj(t)

]

, xj(0) = xj0 (2)

whereuj(t) ∈ [0, 2π] is the controllable heading of vehiclej andVj is the corresponding velocity.

The CRH controller we design generates a set of trajectories for each vehicle in the team over a

given mission timeT . This controller is applied at time points denoted bytk, k = 0, 1, . . ., during

the mission time. Attk, the controller operates by solving an optimization problem Pk, whose

solution is the control vectoruk = [u1(tk) . . . uM(tk)]. Next, we explain howPk is formulated.

Suppose that vehicles are assigned headingsu1(tk), . . . , uM(tk) at timetk, intended to be main-

tained for a planning horizon denoted byHk. Then, at timetk + Hk the planned positions of the



Optimizing the Transportation System’s Response Capabilities 7

vehicles are given byxj(tk +Hk) = xj(tk) + ẋj(tk)Hk. Define

τij(uk, tk) = (tk +Hk) + ||xj(tk +Hk)− yi||/Vj (3)

and note thatτij(uk, tk) is the earliest time that vehiclej can reach pointi under the condition

that it starts attk with control dictated byuk and then proceeds directly fromxj(tk + Hk) to the

target pointyi. We are interested in the maximal reward that vehiclej can extract from targeti if

it reaches it at timeτij(uk, tk). For convenience, definẽφij(uk, tk) = φi[τij(uk, tk)]. Similarly, we
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Figure 1: Example of a mission with 4
vehicles and 10 target points using CRH
control.

define p̃ij(uk, tk) = pij[τij(uk, tk)] and q̃ij(uk, tk) =

qij[δij(tk + Hk)]. We can now present the optimization

problemPk, formulated at timetk, as follows:

max
uk

N
∑

i=1

M
∑

j=1

Riφ̃ij(uk, tk) · p̃ij(uk, tk) · q̃ij(uk, tk) (4)

The expressionRiφ̃ij(uk, tk) · p̃ij(uk, tk) · q̃ij(uk, tk) in (4)

can be seen as the expected reward that vehiclej collects

from target pointi, evaluated at timetk using a planning

horizonHk (we can also model the elimination of vehicles

by including negative terms above).

ProblemPk is parameterized by the planning horizon

Hk, which is critical in obtaining desirable properties for this CRH controller. In particular, se-

lectingHk to be the smallest “distance” (in time units) between any target point and any capable

vehicle at timetk allows us to rigorously show [Li and Cassandras, 2006] that vehicle trajectories

actually converge to target points. Upon getting the optimal uk for (4) based onHk and all state

information available attk, all vehicles follow this control for anaction horizon hk ≤ Hk. The

process is then repeated at timetk+1 = tk + hk, k = 0, 1, . . . The value ofhk is determined ei-

ther by an unexpected event (e.g., a vehicle fails) or as a prespecified amount of time. The CRH

controller terminates when a given condition is satisfied, e.g., all the target rewards are collected.

An example of a mission executed under CRH control is shown in Fig. 1 where the crossmarks

indicate points where the controller is invoked to adjust vehicle headings.

ProblemPk is readily extended to incorporate additional features of aspecific team mission

environment (see also [Li and Cassandras, 2004],[Yao et al.,2010]). Thus, for disaster response

missions in a given transportation system, our goal is to specify the environment and develop an

appropriate version of this problem that incorporates the features already mentioned, including:(i)
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Rewards associated with multiple bases which are not part of the work done to date,(ii)Constraints

on the controllable heading vectorsuk at thekth decision point which are a consequence of the

transportation network’s graph topology,(iii) The nature of the tasks to be performed in a mission,

which results in how rewards and capability factors are defined, as well as the possible need for

“rendez vous” of multiple vehicles at some target points or bases, similar to the approach used

in [Yao et al., 2010]. It is also obviously crucial to ensure that any approach intended for real-

time execution isscalable. As shown in [Li and Cassandras, 2006], the complexity of the CRH

approach is independent of the number of target pointsN and of orderGM overall, whereM is the

number of vehicles andG is the number of feasible headings (which in a graph setting is generally

small.) We also note that another potentially attractive approach to solving complex problems

of the type described here is to use Approximate Dynamic Programming (ADP) techniques as

discussed in Section 3.2 for an evacuation problem formulated as a type of reward maximization

mission similar to the one we have considered for the emergency response problem.

3 Controlled Evacuation

In this section we discuss approaches for evacuating an affected area from individuals, transporting

them to temporary shelters where they can be housed and provided appropriate care.

As before, we model the affected area as anetwork whosenodescorrespond to locations

where the affected individuals can be gathered and whoselinks correspond to the roads, rail lines,

and other means the transportation system can use for the evacuation. We consider two different

scenarios:

1. Scenario I – a static view. In the first scenario we assume that the affected area is stable

and under control and poses no significant harm to people. Homes and other structures

have been damaged (e.g., earthquake, hurricane) but peoplecan gather as instructed at pre-

specified points – the nodes – and evacuated from those nodes.We also assume that people

gather at a constant rate at those nodes and have to be transported to some other node(s)

of the network that corresponds to a shelter(s). The variousresources of the transportation

system – the vehicles – are tasked with visiting the nodes, loading the people, and delivering

them to the intended destination(s), potentially by transferring them to another vehicle if that

results in a more efficient evacuation. A basic question we address is how todesign effective

routes and coordination strategies for the vehicles, given node positions and the rates at

which people gather at those nodes. We will consider schemesthat utilize multiple vehicles

so that one can scale the size of the network to be served. We are interested in bounds on the
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time required to transport an individual from a node to the shelter(s). Obtaining such bounds

would allow us to offer performance guarantees. Another key concern we tackle is the

scalability of the proposed schemes.

2. Scenario II – a dynamic view. The second scenario we consider is one where the affected

area is not stable and not considered safe for the affected individuals (e.g., chemical, bio-

logical, or nuclear release). Furthermore, the rate at which individuals gather at the nodes

is highly variable. In this setting, we propose to study a scheme according to which the

vehicles respond to evacuation requests as they emerge. We will assume that the nodes

have the capability to wirelessly transmit such requests over a relative long range (using an

emergency response communication system) and the vehiclesthe ability to listen to them.

We propose a framework involving dynamic programming and wewill concentrate ondis-

tributed approximate dynamic programming methods that are tractable and appropriate

for our setting.

3.1 Scenario I – a static view

The approach we propose leverages our recent work in [Paschalidis and Moazzez-Estanjini, 2010].

We consider a network withN nodes. We assume that at nodei individuals that need to be trans-

ported to nodej gather at a rate ofλ(i, j). In this subsection we take astatic view and assume

that theλ(i, j)’s are known (estimated) with certainty and are constant over time. Assume also

Figure 2:Examples of partitioning a network into 8
segments (the blue circles represent the Snodes, and
the red circle represents the Mnode contact point);
(a) “Contiguous” partitioning (b) “Non-contiguous”
partitioning.

that we haveM vehicles responsible for trans-

porting the individuals. The objective is to de-

sign the vehicles’ routes such that the delay in

evacuating people is minimized.

In preliminary work we developed a scheme

we callCentralized Vehicle Relaying (CVR).

Fig. 2(a) depicts a simple geographic partition-

ing of the entire network. There is a single ve-

hicle assigned to each segment. Within eachcy-

cle, each vehicle collects the people gathered at

the nodes. Later in the same cycle, all vehicles meet at some pre-determinedcontact point and

transfer among themselves the individuals they have gathered. Each vehicle’s route consists of

a Hamiltonian cycle 1 that includes all its assigned nodes and the contact point. The partition-

1A Hamiltonian cycle is a cycle in an undirected graph which visits each node exactly once and returns to the
starting node.
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ing presented in Fig. 2(a) has been used in prior work and is a “contiguous” partitioning in the

sense that each segment assigned to a vehicle is geographically contiguous. However, in our CVR

scheme we allow the segments to be “non-contiguous.” This allows assigning any combination of

nodes to any vehicle and results in greater flexibility (see Fig. 2(b)).

Figure 3: An example il-
lustrating the BVR scheme -
the blue circles represent the
nodes, the black lines show
the routes of 8 vehicles, and
the red dashed line shows
the route of the bus.

We have analyzed the delay achieved by CVR. One important con-

cern is thescalability of the proposed scheme. Our scalability analysis

in [Paschalidis and Moazzez-Estanjini, 2010] relies on bounding inter-

vehicle transfer times and leverages graph-theoretic results. We are

able in [Paschalidis and Moazzez-Estanjini, 2010] to obtain an upper

bound on the maximum and averagedelay needed to transfer one

individual from the node she/he was picked up to the destination node.

The bound on maximum delay is quite useful as it provides aper-

formance guarantee; such guarantees have not been available for any

scheme so far in the related literature. Moreover, and this is our main

result, we can show that if the number of vehicles scales linearly with the number of nodes then

constant (in M andN ) per node throughput with constant worst-case delay is achievable

using the CVR scheme.

Several avenues for future work remain unexplored. We plan to: (i) explore improvements to

CVR; and(ii) devise and analyze alternatives to CVR vehicle coordinationschemes that may be

more appropriate for particular emergency situations.

With respect to goal(ii) we propose below a different scheme we plan to explore and analyze.

We call this schemeBus Vehicle Relaying (BVR). Fig. 3 shows an example illustrating the BVR

scheme with a single bus. In this scheme,N nodes are assigned to(M − 1) vehicles and people

are transferred among vehicles via the remaining vehicle which is calledthe bus. The bus meets

with each vehicle at a contact point exactly once in each cycle. As with CVR we would like to

analyze BVR, obtain bounds on delay, and devise methods to optimally configure it.

3.2 Scenario II – a dynamic view

Next we consider scenarios where the process according to which people gather at the nodes is

bursty. As a result, “servicing” these nodes by a scheme that is periodic and designed for an

almost constant accumulation rate is not efficient.

We have explored problems of this type in [Pennesi and Paschalidis, 2007] and

[Pennesi and Paschalidis, 2010]. In particular, and similarly to Sec. 2, we considered a fairly

general class of coordination problems formulated asreward collection problems. Assume a
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2-dimensionalcoverage area, S, in which there is a set ofN nodes whose positions are indicated,

at timek, by m
i
k ∈ S, for i = 1, . . . , N . To each nodei we associate areward Ri

k ∈ R+. The

reward essentially reflects the amount of people gathered atthat node and the urgency to evacuate

them.

The coverage area is being explored byM vehicles whose positions at timek are indicated by

x
j

k ∈ S. To each vehiclej we associate a capacityCj

k ∈ R+ (e.g., reflecting physical capacity and

energy constraints of the vehicle). When a vehicle approaches a node it collects a reward which

depends on the available reward at the node and the capacity of the vehicle. Every reward collection

has also the effect of depleting a part of the vehicle’s capacity. Every vehiclej navigatesin S and,

from time to time, returns to adepot (e.g., at the origin) which has the effect of replenishing the

vehicle’s capacity to its initial valueCj
0 (e.g., by uploading the people it carries and refueling).

The scenario we are considering is completed by describing how vehicles get informed about

the available reward at nodes. We assume that the nodes have the ability to transmit short messages

directly to vehicles within some range, or potentially, viaother nodes that act as relays. As a result,

vehiclej receives information on the amount of reward available at node i within some distance

from it and can compute an “intensity signal,” denoted bysik(R
i
k,m

i
k,x

j

k). This signal reflects the

desirability of approaching nodei and can, for instance, be proportional to the rewardRi
k at that

node and inversely proportional to the distance‖xj

k −m
i
k‖.

Given this setup we are interested in a policy that guides thevehicles in the coverage area to

maximize the long-term average total reward collected by them. Note that this is similar to the re-

ward maximization missions of Sec. 2. The problem at hand canbe formulated as aDynamic Pro-

gramming problem [Bertsekas, 1995, Puterman, 1994, Cao, 2007]. Decisions involve how each

vehicle should move in the coverage area and the state includes the position of each vehicle. Even

if each vehicle acts independently, the state space would beas large as the coverage area which can

be enormous. It follows that standard DP algorithms have no chance of tackling realistic instances.

To combat Bellman’s so called curse of dimensionality,Approximate Dynamic Programming

(ADP) (see, e.g., [Bertsekas and Tsitsiklis, 1996, Powell, 2007])is particularly useful.

In [Pennesi and Paschalidis, 2010] we started from a particular ADP approach which is appro-

priate for aMarkov Decision Process (MDP)where decisions are made by a single agent. In

particular, we considered theactor-critic algorithms developed in [Konda and Tsitsiklis, 2003].

In these algorithms one adopts a randomized class of policies parametrized by a (low-dimensional)

parameter vectorθ and optimizes policy performance with respect toθ by using a simulation (or a

realization) of the MDP.

Our main contribution in [Pennesi and Paschalidis, 2010] isthat we developed aDistributed
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Multi-agent Actor-Critic (D-AC) algorithm. Our algorithm allows us to use multiple agents (ve-

hicles for the application we are considering) to simultaneously explore the state-control space.

Each vehicle maintains its ownθ and updates it based on local information and information

received from a subset of other vehicles (e.g., the ones within a certain communication range).

This updating follows aconsensus-like algorithm; such algorithms and their analysis go back to

[Tsitsiklis, 1984] and have garnered renewed interest [Jadbabaie et al., 2003, Blondel et al., 2005].

Under suitable conditions, we show that all agents reach consensus and converge to the optimal

θ. In the algorithm we presented in [Pennesi and Paschalidis,2010], agents update theirθ’s asyn-

chronously, which is appropriate for our setting.

The D-AC algorithm provides a useful framework for vehicle coordination in dynamic envi-

ronments. What is particularly appealing is that we solve a dynamic problem benefiting from

the parallel exploration of the state-control space while incurring a relatively small communication

overhead (vehicles only exchange theirθ’s). We note that even though many less complex schemes

have been proposed for agent coordination (e.g., they tend to be heuristic or solve a sequence of

static problems [Li and Cassandras, 2005]). Our scheme attempts to approximately solve an MDP

using an ADP method and it fills a void since there has not been much attention in the ADP litera-

ture on distributed approaches.

There are several directions we plan to explore in our futurework:

• 3-dimensional coverage areas. First, there is nothing special about coverage areas being

subsets ofR2. We plan to extend the approach we have already developed toR
3 which will

allow us to deal with scenarios where nodes and airborne vehicles are deployed in mountain-

ous areas and their location includes elevation.

• Transportation infrastructure . The work in [Pennesi and Paschalidis, 2010] discretizes

the coverage area and assumes that vehicles move on a grid. More generally, there may be

an underlying transportation network and vehicles may be required to move along existing

routes. In that case, one can think of atransportation graph , where nodes represent node

locations and links correspond to various routes connecting the nodes (see also the setup of

Sec. 2). The vehicles are confined to moving on this graph. We expect that similar techniques

to our D-AC algorithm would apply but the structure of the policy may have to change. In

particular, distance between two nodes can no longer be measured using a Euclidean distance

but other distance metrics (e.g., hop-count, Manhattan distance) may be appropriate.
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4 Conclusions

In post-disaster response and recovery, arguably, two critical functions transportation can perform

are: (a) to provide to the affected areas and first respondersthe necessary supplies and resources

needed to control the situation, and (b) to evacuate affected individuals to shelters where they can

be more effectively cared for. A systematic approach to implementing these functions in a highly

complex and uncertain environment requires solving complex dynamic optimization problems with

real-time capabilities. The methodologies we put forth arebuilt on rigorous techniques that pro-

vide such capabilities, while recognizing the need for scalability and for satisfying the inherent

constraints of the transportation system. The resulting schemes are dynamic in nature and are

designed to provide efficient responses to uncertainties asthey arise and an organized evacuation

approach using delay (rather than distance) as a key optimization metric. We envision a fully in-

tegrated system that takes advantage of wireless sensor network and communication technologies

in implementing these ideas for the use of emergency response agencies (at the local and federal

level), city planners, and local transportation authorities.
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