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Aspart of disaster mitigation and evacuation planning, planners must
be able to develop effective tactical and operational strategies to man-
age traffic and transportation needs during an evacuation. One aspect
of evacuation planning is the estimation of how many people must be
evacuated to provide strategies that are responsive to the number and
location of these people. When such estimates are available, it may be
possible to implement tactical and operational strategiesthat closely
match the likely demand on the road network during the evacuation.
With short notice for an evacuation, people may need to be evacuated
directly from current locations. In addition, for some disasters, the spa-
tial extent of the evacuated area may change over time. This problem
may be exacerbated by congestion around the evacuated area. An esti-
mation process is proposed for a short-notice evacuation. The method
uses on-hand data typically generated through existing travel demand
modelsat many metropoalitan planning or ganizations. It estimatesdemand
using convenient modelsfor trip generation, trip distribution, and travel
time generation for thesetrips, considering a staged evacuation. These
demand estimatesfeed a dynamic simulation model, DynusT, that isused
tomodel the supply characteristicsof theroadway network during the
evacuation. Such models can be applied using a case study based on a
short-notice flooding scenario for Phoenix, Arizona.

Inrecent years, natural and man-made disasters—hurricanes, flood-
ing, bomb threats, and wil dfires—have been frequent worldwide. To
help mitigate against the impacts of these disasters, various studies
have been conducted to minimizeinjury and damage. As part of mit-
igation, the evacuation of people from the affected areain atimely
and safemanner iscritically important to reduce injury and damage.
Planners must be able to develop effective tactical and operational
strategies to manage traffic and transportation needs during the
evacuation itself.

In planning for an evacuation, it isuseful to have some method of
estimating how many people must be evacuated to provide strate-
giesthat are responsive to the number and location of these people.
When such estimates are available, it may be possible to implement
tactical and operational strategies that closely match the likely
demand on the road network during the evacuation. In traditional
evacuation models, it is commonly assumed that people will evac-
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uate directly from their residence. This assumption is grounded in
the notion that people will be at home, or will return home, before
beginning to evacuate. This assumption may be realistic under con-
ditions where ample time is available to conduct the evacuation
(e.g., morethan 24 or 48 h, asin the case of ahurricane evacuation).

When thetime to evacuate is considerably less, people may need
to be evacuated directly from their current locations. Thetiming and
magnitude of certain types of disasters may require faster reactions.
People may receive short notice about the emergency and their need
to evacuate, providing little or no time to return home before evac-
uating. In addition, for some disasters, the spatial extent of the evac-
uated areamay change over time. This problem may be exacerbated
by congestion around the evacuated area. For example, to manage
traffic flows effectively in the event of a short-notice disaster such
as awildfire or flash flood, it may be useful to know which areas
must be evacuated first and the likely impact on roadway congestion
throughout the region.

Severa studies have been conducted on estimating demand char-
acteristics for an evacuation, particularly focusing on the factors of
trip generation, trip distribution, and trip timing. Some research has
focused on estimating a trip generation model, such as the logistic
model and the neural network model, using hurricane survey data
(1-5). These models estimate a probability of leaving an areaas a
function of time as the disaster progresses. Other models estimate
evacuation demand using socioeconomic data (6, 7). Similar to these
last two studies, the present study considers the case without exist-
ing evacuation survey datafor estimating amodel of trip generation;
existing trip generation data from existing urban planning models
are used; such isthe common situation faced by most regional trans-
portation and emergency management agencies. In addition, models
used for trip distribution for evacuation includethe gravity model, the
intervening opportunity model, and the multinomial logit model.
Finally, atype of logistic model has been used for vehicle loading,
describing the time of departure (6-8).

Methods of estimating demand for a short-notice evacuation have
not been discussed at length in the existing literature. In this paper,
an estimation processis proposed for ashort-notice evacuation. The
method uses “on-hand” data typically generated through existing
travel demand modelsat many metropolitan planning organizations.
In this context, the proposed trip generation and distribution models
are developed using existing trip matrices based on existing, cali-
brated travel demand models. It generally assumes that no separate
set of behavioral dataisavailablefor estimating evacuation demand.
Trip matrices are suggested for use as the basis for generating trip
distribution; this trip distribution approach was inspired by South-
worth (7). Additionally, a time-dependent evacuee departure model
isproposed that considersamultiple-zone evacuation strategy related
to that of Tweedie et al. (8).
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The paper proceeds as follows. First, the proposed method and
overall framework for the proposed models are introduced. Next,
an application of the proposed models for a specific flooding sce-
nario in the metropolitan area of Phoenix, Arizona, is described.
Finally, conclusions from this method and areas for future study
are discussed.

PROPOSED EVACUATION METHOD
Overall Framework

Demand during a short-notice evacuation may be categorized as
evacuation demand or background demand. Evacuation demand
refersto the evacuating trips generated in the area around the dis-
aster (defined as the hot zone) and consists of a set of traffic analy-
siszones (TAZs). Background demand consists of thetrips between
TAZsoutside the hot zone during the evacuation. Some of thesetrips
may interact and interfere with the evacuating trips. The combina-
tion of these two types of demand must be estimated and |oaded into
an evacuation simulation to properly assesstraffic performanceina
potential emergency scenario.

To generate evacuation demand, one must estimate how many
vehicles will originate from the hazardous area (trip generation)
and wherethe vehicleswill go (trip distribution). In addition, to sim-
ulate an evacuation, it ispossibleto apply adeparture curvefor each
vehicle (or trip) between agiven origin and destination.

Generated evacuation demand should be combined with the exist-
ing background demand to synthesize the total demand for an evac-
uation simulation. Background demand is generated from atypical
day’s travel patterns, which can be estimated from well-calibrated
travel demand models for some baseline year and network condi-
tion. This background demand excludes the demand generated by
zonesin the evacuation area. In generating evacuation demand, one
should consider the evacuation start time. Traffic patterns will be
considerably different whether adisaster occurs midday, during the
morning rush hour, or late in the evening. For this reason, a useful
estimate of evacuation demand will specifically consider time-of-day
demand data. According to time of day, it may also be possible to
analyzethe worst-case (from atraffic perspective) timing for each
disaster. For instance, the worst case in a downtown area could be
at 11 am. or 12 noon, when the maximum people have accumul ated
downtown. In this case, the demand should be accumulated until
11 am. or 12 noon from the morning peak.

Finaly, the total demand for an evacuation simulation is pro-
duced by combining evacuation demand with background demand.
This process provides the interactions between the background and
evacuation travel behavior during the evacuation.

Trip Generation and Trip Distribution Models
Data

Calibrated trip matrices (by time of day and by trip purpose) are the
starting point of the demand-estimation process. Matrices include
tripsfrom each origin TAZ to each destination TAZ for every time of
interest t and for agiven trip purpose p. The Maricopa Association of
Governments (MAG) in Maricopa County, Arizona (greater Phoenix
area), provided the trip matrices. For trip generation, 2006 trip matri-
ceswere received covering afull day (24 h) for al purposes: home-
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based work (HBW), home-based other (HBO), and non-home-based
(NHB). Time-of-day trip matricesa so werereceived, covering all trip
purposes for the morning peak (6-9 am.), midday (9 am.—3 p.m.),
afternoon peak (3-6 p.m.), and night (6 p.m.—6 am.). Idedlly, these
matrices would be broken out by trip purpose and by time of day.
Instead, the trip-purpose matrices were factored by the time-of-day
matricesto estimate trips by trip purpose and by time of day.

Evacuation Trip Generation Model

For the model description, O is defined as the set of TAZs that
must be evacuated on short notice; D is the set of all other TAZs
not inthe set O; and T isthe set of periodsin the day that occur up
to and including the time when a disaster occurs, for agiven evac-
uation scenario. For trip generation, the proposed model consoli-
datestheintended travel of household vehicles out of the evacuation
area, minus the number of vehicles that have exited the area earlier
in the day, plus the number of vehicles that have entered the area
earlier in the day. All the vehicles existing in the evacuation zone
at that time are assumed to be evacuated, equivalent to the total num-
ber of evacuating vehicles. Mathematically, the proposed model is
expressed as
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where

G; = number of vehiclesin zonei at the start of the evacuation,
V; = average vehicles per household in zonei,
H; = number of householdsin zonei, and
i = vehicles departing from flooding zonei to other zonej during
time of day t.

Thefirst term of Equation 1 isthetotal number of vehicles gener-
ated from evacuation zonei, based on an average vehicle ownership
ratein the zone (V;) multiplied by the total number of householdsin
zonei. The second and third termsrepresent the total outgoing vehi-
cles from zone i and the total incoming vehicles to zone i, respec-
tively, before starting the evacuation. Although thisapproach for trip
generation is similar to that of Southworth in terms of estimating
demand considering in-and-out trips, the proposed model isdifferent
becauseit is based on time-of-day data, not socioeconomic data (7).

In many cases, the time-of-day trip matrices may actually bein-
person trips and are separated by vehicle occupancy, considering
driveaone, two-person (2) carpools, and three-person-or-more (3+)
carpools. A simple mathematical procedure can be applied to sum
thesethreetrip tables, dividing by the average vehicle occupancy to
get the necessary vehicle count, as
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d; + oN

! — .l’1+
QI] qIJ 2 3-5

@

where g is the person trips with k people per vehicle, from zonei
to zonej for time of day t. Equation 2 converts person trips to vehi-
cle trips. An average of 3.5 people was applied for the 3+ vehicle
occupancy. To apply thismodel, it is assumed that evacuees do not
have sufficient time to return home or go to some other places to
pick up another person. In other words, thismodel isappropriate for
short-notice evacuations.
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Evacuation Trip Distribution Model

The proportionsfrom an existing trip distribution matrix may be used
to distribute traffic from the evacuation area to appropriate desti-
nations. For 81.8% of the trips, destinations considered in evacua-
tionsare the homes of friends or relatives and hotelsor motels (1, 4).
According to Mei’s literature review, 55% to 68.8% of evacuees
traveled to the homes of relatives or friends, 13% to 26% to hotels
or motels, and 3% to 12% to public shelters (3). Given the predomi-
nance of tripsto friendsor relatives and hotels or motel's, one approach
would beto apply the destinations according to asocial or recreational
trip purpose. Because it would seem to apply to more than 80% of
thetrips during the evacuation, this method may be most appropriate
for trip distribution. Of course, it may be questionable; it was cho-
sen simply on the basis of previous research. Other assumptions are
possible using the existing trip matrices from aregional planning
model (e.g., some evacuees may head for home, if homeis outside
the evacuation area).

If ahome-based social or recreational trip matrix isavailable, then
thisinformation can be used asfollows:

D =G —1 3

where

D;; = vehicle trips from zone i in the evacuation area to zone |
outside of the area,

G; = generated vehicle trips from zone i before starting the
evacuation, and

qg; = vehicletripsfromi to j for the given trip table.

The proposed trip distribution model in Equation 3 distributes the
generated vehicles (G;) from a zone in the evacuation area on the
basis of the fraction of trips distributed from zonei to zone j, out
of all tripsleaving zonei. For person-trip matrices, an additional
equation (similar to Equation 2) is necessary to convert person trips
to vehicletrips:

I
q; = qij1+7l+§ (4)

where T are the person trips with k people from zonei to j for the
HBO trip table. Again, the average 3.5 peopleisused for the vehicle
occupancy of 3+ people. Additionaly, to prevent distributing vehicles
to the disaster area, vehicletrips q; is set equal to zero for every j € O
in the area being evacuated.

Timing of Evacuation Decision and Departure Curve

Another consideration during an evacuation isthetiming of vehicle
departures. In an evacuation scenario, evacuee behavior will depend
on perceptions of the hazard level. One might arguethat, in an emer-
gency situation, all people in the evacuation area will evacuate as
soon as possible. Yet if they have more information about the pos-
sible hazard and the timing of that hazard according to their loca-
tion, they may change their resulting departure behavior slightly. If
they perceivethat moretimeisavailableto evacuate and that delay-
ing departure may convey possible advantages, they may delay depar-
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ture. However, this scenario assumesthat the arrival time of the dis-
aster is predictable and that information can be clearly transmitted
to evacuees with some geographic precision. These assumptionsare
mere conjecture for the purposes of the model, which is sufficiently
flexible that other assumptions about departure times can be tested
easily.

If the severity and the dispersion of the disaster can be estimated
in both time and space, it may be possible to estimate the number of
vehiclesdeparting at agiven time. For modeling purposes, the level
of severity according to itsgeographical areaiscalled acontour. For
instance, evacuees in Contour 1 may need to be evacuated more
urgently than evacueesin Contour 2.

For modeling purposes, the rate of departureis estimated for vehi-
cles in each contour from the evacuation area. Estimated vehicle
departure times are critical when loading vehiclesinto a transporta-
tion network for ssmulation. These studies use the departure curve
from Equation 5, which is based on the Rayleigh cumulative density
function defined by Tweedie et al. (8).

F(t)=1- exp(%] ©

where F; (t) isthe cumulative density function of vehicle departures
and g and b, are the parameters for each contour i. When estimating
parameters g and b, for contour i, it may be necessary to constrain the
parameter value such that 100% of the evacueesin contour i should
haveleft their originswell in advance of the disaster striking the area.
This assumption may be reasonable for evacuee behavior in each
contour. Conversely, the two parameters could be estimated by find-
ing appropriate valueswhere 100% of the evacuees have departed by
agiventime. Thisapproach isrecommended when the direction and
severity of the disaster can be predicted. In this case, if the evacua-
tion can be effectively managed to restrict departures (i.e., to stage
the departures) for multiple contours, this strategy may bean efficient
way to reduce traffic congestion around the evacuation area.

Traffic Simulation and Assignment Model

Innovative evacuation modeling capabilities were built on Dynamic
Urban Systems for Transportation (DynusT), a mesoscopic dynamic
traffic-simulation and assignment model. DynusT has been devel oped
for yearsand has been applied to variousregionwidetraffic-smulation
modeling applications, including mass evacuation (9-14).
Thetraffic assignment processin DynusT involvesinterplay of
the simulation model and the time-dependent shortest-path and flow-
redistribution component (Figure 1). DynusT can compute the equi-
librated route selection for travelers departing at different times.
This capability is used primarily to assign the background traffic to
routes in the network. During the iterative computational process,
thetime-dependent link travel time and intersection delaysareinput
into the time-dependent shortest path algorithm. From the shortest
path results, the new flow distribution and routing policies are com-
puted in atime-dependent traffic assignment procedure based on the
method of isochronal vehicle assignment (Y .-C. Chiu and E. Nava,
Method of Isochronal Vehicle Assignment for Simulation-Based
Dynamic Traffic Assignment, submitted for publication in Trans-
portation Research, Part B, 2009; and Y .-C. Chiuand J. A. Villalobos,
Incorporating Dynamic Traffic Assignment into Long-Range Trans-
portation Planning with Daily Simulation Assignment and One-Norm
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FIGURE 1

Origin—Destination Calibration Formulation, submitted for publica-
tion in Transportation Research, Part A, 2009). The vehicles with
updated routes are then input into the traffic simulator to assess the
performance. The processisrepeated until some convergence criteria
are satisfied or the maximum number of iterationsis reached.

The vehicle-simulation mechanism follows anisotropic meso-
scopic simulation logic in that individua vehicles are generated with
individual attributes such asdeparturetime, origin, destination, occu-
pancy, vehicle type, and evacuation route (15, 16). During the smu-
lation, avehicle’ smovement follows aspeed—density relationship—a
widely known correlation between speed and density that describes
traffic flow—to ensure that the millions of simulated vehicles exhibit
realistic traffic flow characteristics at the macroscopic level. Further-
more, individual vehicles have decision rulesin response to traffic
conditions and information (11). Severd innovative behaviora rules
in response to information include the following:

e Travelers scheduled to depart after the disaster occurs may
(a) change departure time or route because of congestion informa-
tion broadcasted by the emergency agency or (b) cancel thetripif all
possible routes are blocked by the disaster. If all routes to intended
destinations are blocked by the disaster, then the trip is cancelled.

e |f al possible routes are blocked by the disaster, then en route
travelerswhose origins are not inside the disaster zone would return
home (or to oneof several sheltersif thereturn-homerouteisblocked).

e Travelerspassing adynamic messagesign or listening to aradio
broadcast may changeto an alternaterouteif the current routeiscon-
gested and the vehicleis permitted to take other routes. Theseroutes
are not computed using accurate network travel times but asynthesis
of experienced travel time and real-timeinformation with only partial
network coverage (17).

Another unique modeling feature isthe time-dependent activation
and decommissioning of contraflow lanes at a designated time dur-
ing simulation, modeled by including a coupling counterdirectional
dummy link in each directional freeway (or arterial) main lane or
ramp lane.

Yes
Converged?

General algorithm structure of the DynusT model (77).

No

CASE STUDY: PHOENIX FLOOD
Description of Scenario and Contours

As a case study, the proposed method was applied to the Phoenix
metropolitan area. The regional network data set obtained from
MAG included not only the extensive freeway network in Maricopa
County, Arizona, but also the major and minor arterial streets. This
network has 2,006 zones, 4,432 nodes, and 11,658 links.

A flooding scenario is assumed. To the northeast of Phoenix, sev-
eral dams feed the Sdt River, which eventually flows through the
Phoenix area. Inthe event of acatastrophic seriesof damfailuresalong
thissystem, flooding would occur along the Salt River, and peopleliv-
ing and working around the river would have to be evacuated to safe
areas. In the most difficult evacuation scenario, the Salt River would
start flooding at noon. From this scenario, emergency managersinthe
Phoenix, Arizona, metropolitan areadevel oped fiveflooding contours.
Contour 1 isthefirst areato flood, and the water is highest in Con-
tour 5 (Figure 2). Evacueesin Contour 1 must begin evacuating right
away and have only 90 min to complete evacuation, whereasthosein
Contour 5 have more timeto get to a safe area before flooding danger
becomesimminent. The flooding areaincludes atotal of 298 TAZs.

In atypical scenario, right after the start of flooding at noon, a
warning would be broadcasted to citizensfor 30 min. Evacueesin
Contour 1 would need to be evacuated by 2 p.m. (during the first
90 min after thewarning starts), Contour 2 by 2:30 p.m., Contour 3 by
3:30 p.m., Contour 4 by 4:30 p.m., and Contour 5 by 5:30 p.m. (atota
of 300 min or 5 hto leave the areathat will flood last) (Figure 3). Itis
assumed that the evacuation startsin all contoursafter thewarning. All
evacuees can start moving before theflooding period for their contours.

Evacuation Demand Results
Trip Generation Model

Trip matrices provided by MAG were used to configure thetrip gen-
eration and trip distribution model. They included 24-h trip matrices
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FIGURE 2 Flooding contours.

from 2006 for each trip purpose (HBW, HBO, and NHB) and separate
time-of-day matrices (with combined trip purposes) for the morning
peak, midday, afternoon peak, and night. The time-of-day matrices
were factored to account for trip purpose, by time of day.

With the MAG matrices, the trip generation model was applied
in Equations 1 and 2, using the time-of-day trip matricesfor morning
peak and midday. With flooding starting at noon, the full morn-
ing peak trip table and one-half of the midday trip table were used
(because thetimeframe for midday travel is9 am. to 3 p.m.). Equa-
tion 1 was applied directly; however, the vehicle occupancies were
given for larger subareas, containing many TAZs, because of insuffi-
cient zona information. The average number of vehiclesavailable per
household for each municipal planning areaisasfollows: Avondale=
1.71, Mesa=1.68, Phoenix East = 1.35, Phoenix West = 1.61, Phoenix
South = 1.71, Scottsdale = 1.70, Tempe = 1.70, Gila River Indian
Community = 1.74, and Salt River Reservation = 1.74 (18).

Evacuation in Flooding Area

Trip generation results are shown in Figure 4a. The model gener-
atesatotal of 425,089 vehiclesintheflooding area(i.e., 425,089 vehi-
clesto be evacuated). Most originate in the center of the metropolitan
area, including downtown Phoenix, Tempe, and parts of Mesa and
Scottsdale.

Trip Distribution Model

A 2006 HBO trip matrix was applied to approximate evacuation travel
behavior for the trip distribution model. The HBO matrix was used
because no further details on trip purpose were available; however,
the intention was to be as close as possible to the likely origins and
destinations for social and recreational trip purposesto reflect people
traveling to friends' homes.

For selected zones, zero trip originswerein the HBO matrix (i.e.,
azerointhe numerator of Equation 3), but generated trips (G;) were.

Flooding Area

i ontour 5
i Contour 4
i ontour 3
; Contour 2
- i ontour 1
B \ I
12PM 12:30 2:00 2:30 3:30 4:30 5:30 10:30PM

FIGURE 3 Evacuation timing, by contour.
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FIGURE 4 Model results: (a) trip generation from origin and (b) trip distribution at destination.

For example, specia zones (such as Arizona State University or Sky
Harbor Airport) arenot included inthe HBO trip table. In these cases,
rather than estimating zero origin—destination trips, the equivalent
value was used from the appropriate time-of-day matrix (e.g., the
midday trip table), which coversall trip purposes. It was an approx-
imation because more detailed data for specia generators were not
available.

Trip distribution results are shownin Figure 4b. The HBO matrix
isused mainly to distribute the generated vehicles, and the time-of -
day matrix isapplied for only 47 zero-origin cellsin the HBO matrix.
Evacuee destinations are distributed mainly along the boundary of
the flooding area. Southworth comments that evacuees select their
destination from four choices, one of which is the closest safe des-
tination (7); model results seem to support the view that evacuees
usually choose the nearest destination. Considering that the HBO
matrix isbased on thetrip distribution, thisresult may be reasonable.

Vehicle Departure Curve

The evacuee departure curve for each contour can be applied to the
trip distribution results following Equation 5. Evacuees who are

located closeto theriver (e.g., in Contours 1 and 2) may evacuatein
haste, whereas those farther from the river (e.g., in Contours 3, 4,
and 5) may evacuate less hurriedly. Thismodel offers only one way
to estimate departure time; other models could be tested with better
empirical evidence from short-notice evacuations.

Resultsfrom the proposed model sfor the cumulative departurerate
over time are shown in Figure 5 (in which F(t,i) = F; (t), asin Equa-
tion 5). Because the evacuees in Contour 5 have more time to evac-
uate, their departure pattern curve is flatter than those for evacuees
from other contours. Asmodeled (assuming some basicinformation
scenarios), evacuees depart fromtheir originsat least 1 h earlier than
the predicted flooding time. Evacueesin Contours 1 and 2 depart
quickly because they are next to the river, and those in Contours 3
to 5 depart less quickly.

InFigure5, TimeO correspondsto 12:30 p.m., the flood announce-
ment. Evacueesin Contours 1 and 2 depart within 30 min and 60 min,
respectively; these two patterns are assumed to reflect immediate
departuresfor these evacuees. Evacueesin Contours 3, 4, and 5 leave
gradually. All evacuees in the flooding area depart within 240 min
(4:30 p.m.). The parameters for a and b; used in Equation 5 are
presented in the following table:

1 2 3 4 5
. " ' ' !
T 1.00 FF/‘/‘ —4 = 4 < ¢
‘CE 1 1 1 1 1
x 1 1 1 1 |
9 080 1 I I 1 1
5 1 1 1 1 [
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g 0.60 I : : ; i
[a) / ) 1 1 1 1
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FIGURE 5 Departure curves, by contour.
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FIGURE 6 Flooding contours modeled in DynusT.

Contour
Parameter 1 2 3 4 5
g 1.00 1.00 2.00 2.00 2.00
b 0.09 0.18 0.66 1.50 3.00

The loading rate on the network within 30 min is 50% of the total
evacuees (around 200,000 vehicles). If all evacueestry to leave as
soon as possible, then the initial loading rate would be higher than
50%, which would cause considerably more network congestion.

Simulation Results

The DynusT simulation package was used to test generated demand.
In preparation, anincident link list was produced on the MAG network,
mainly to control the traffic flow coming into the hazard area. Red
triangle flags were set for al the links crossing the water boundary
according to the timing of flooding for each contour (Figure 6).

Next, total simulation time was set as 600 min (Figure 3). Evac-
uationsfor all contourswere executed until 300 min (5:30 p.m.), and
flooding stopped at the point with the highest water. After thispoint,
evacuees from the flooding zones continued to move to their desti-
nations. Then, evacuation demand was generated according to the
departure curve (Figure 5) and the background demand matrices
generated by zeroing out all entries with origins or destinations in
the hot zone (evacuation area). V ehicles corresponding to both evac-
uation and background demand were generated separately using the
appropriate demand matrices. Background demand was assumed to
follow a dynamic traffic assignment (DTA) equilibrium, in which
the path assigned to each vehicleisretained. Background traffic used
this habitual path before further en route diversion. The vehicles
generated from the evacuation demand matrices, however, were not
solved to DTA equilibrium, which assumes a considerable amount
of additional information for evacuating drivers.

About 4.8 million vehicles were generated for the simulation,
assuming that 30% of the background demand would forego travel

entirely during theflood. Approximately 422,336 vehicleswere gen-
erated from the evacuation demand itself, according to Equation 1.
(Numbersin Tables1 and 2 are dightly different because of rounding
inthe simulation.)

Figure 7 shows the results for full demand; every dot indicates the
arrival time of a vehicle originating from a contour in the evacuation
area. For example, the vehicle at the highest point startsin Contour 2
and arrivesat thehouse of afriend or family member or at ahotel about
100 min after the start of the evacuation (2:10 p.m.). Arrival rates are
generaly skewed to the left around 100 min, indicating that evacuees
in each contour arrive at their destinations by spending the least time
traveling aspossible. Thearrival timesof vehiclesin Contour 5arerel-
atively high (more than 150 min). Vehicles may be detoured, because
Salt River flooding would divide Phoenix into two parts, north and
south, and congestion may affect thewhole area.

A baseline case (Baseline) and two strategies (Info and Contra)
were generated for more applications. Baselineincludes background

TABLE 1 Number of Generated Vehicles and Travel Times

for Strategies

Statistic Baseline Info Contra

For All Demand

Total vehiclesgenerated 4,803,811 4,803,811 4,803,811
(veh)

Total travel time (h) 1,767,847.25 1,583,170.88 1,586,623.75

Averagetravel time 22.08 19.77 19.82
(min)

For Evacuee Only

Total vehicles generated 422,336 422,336 422,336
(veh)

Total travel time (h) 501,681.99 384,970.70 393,770.21

Averagetravel time 71.27 54.69 55.94

(min)
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TABLE 2 Percentage of Vehicles Reaching Safe Nodes from Each Flooding Area

Contour 1 Contour 2 Contour 3 Contour 4 Contour 5
Strategy by 90 min (%) by 120 min (%) by 180 min (%) by 240 min (%) by 300 min (%)
Baseline 779 64.3 97.3 98.6 99.9
Info 81.9 733 99.6 99.8 100.0
Contra 81.9 70.9 99.0 99.5 99.9

and evacuee demand as well as roadway closures for the flooding
simulation; it is assumed that a radio broadcast may be updated
every 15 min. The Info strategy uses a more frequent radio broad-
cast (5 min). In addition to the 5-min radio updates, the Contra strat-
egy implements contraflow on three major arterials for movements
south from the hot zone. The basic statistics from the simulation for
thesethree cases arelisted in Table 1. Compared with Baseline, the
Info strategy performs better than the Contra strategy in terms of
total travel timefor all demand and for evacuee demand. Thereason
for this counterintuitive result is that contraflow facilities were not
well designed and created significant queuing and congestion at the
downstream end of each contraflow facility.

Because the main goal of this study is to save lives from the
flooded area, the most important objective is to evacuate as many
peopleaspossible. To do that, the number of vehiclesthat can reach
safety should be determined. A total of 183 safe nodeswereinstalled
around the last contour (Contour 5). If avehicle arrived at a safe
node, that vehicle was assumed to be safe from the flooding.

Table 2 shows the percentage of vehicles reaching safe nodes
from the five flooding contours for the Baseline, Info, and Contra
strategies. For instance, in the Baseline scenario, 97.3% of the vehi-
cles from Contour 3 arrived at predefined safe nodes by 180 min.
Slightly more vehicles (99.6%) reached safe nodes in the Info sce-
nario and slightly fewer in the Contra scenario. The number of vehi-
cles passing the safe nodes were around 72,000, 121,000, 82,500,
45,000, and 100,000 for Contours 1, 2, 3, 4, and 5, respectively.

Not al evacuees reached the safe nodes for this scenario, espe-
cialy for thedemand in Contours 1 and 2. The resultsalso show that
even though vehicles from Contours 3, 4, and 5 had more evacua-

tion time, the contraflow strategy might not work well in this case.
Again, the cause might have been the congestion occurring at the
end of the contraflow facilities.

CONCLUSIONS AND AREAS
FOR FUTURE RESEARCH

To estimate demand for short-notice evacuation, this study pro-
posed trip generation and distribution modelsthat primarily usetrip
matrices used in traditional travel demand models. The proposed
trip generation model is appropriate for estimating the origin of
evacuating vehicles, considering the timing of a disaster by taking
advantage of time-of-day trip matrices. This method is appropriate
under the assumption that evacuees react swiftly to a short-notice
evacuation and may not return home before beginning to evacuate.
For trip distribution, amodel was proposed using home-based social
trips (inour case, HBO trips) and time-of-day matrices. The outcome
of the trip distribution model reflects previous notions suggested by
Southworth (7).

Asashortcoming, the proposed model is based principally ontrip
matrices. For trip generation, more aggregate vehicle availability
datawere used instead of more specific zonal data. Theresultsshould
improve with zonal vehicle availability data. The use of social and
recreational trip data (instead of HBO trip data) may produce more
reliable estimates of travel demand for trip distribution.

The most problematic assumption to date in the present model has
been the multiple-contour departure curve, which assumes a phased
evacuation strategy in and around the evacuation area. This kind of
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FIGURE 7 Arrival curves, by contour.
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behavioral model usesexponential departure curves, which havebeen
used in previous studieswith single-stage evacuations. However, their
usein short-notice evacuations may be questionable, especialy if per-
ceptions of the danger level of the disaster are high. The authors have
hypothesized that some of this panic-like reaction can be mitigated
with information, perhaps justifying the choice of these departure
curves. Nonetheless, the need for more research into the efficacy and
likely behavioral response to phased evacuationsis great.

Perhaps most important, the proposed method is perhaps inferior
to other methods that require more detailed data or more sophisti-
cated modeling techniques. Explicit revealed or stated preference
datacould be used to devel op and calibrate more detailed models of
travel demand in these evacuation scenarios. Asanother alternative,
detailed activity-based models also could be used to help estimate
demand in such short-notice disasters (19). Although the authors
believe that the approach proposed in this paper has merit in using
existing metropolitan travel demand tools, these more advanced
modeling approaches arelikely to be more useful and accuratein the
long term as they become more commonly used.

ACKNOWLEDGMENT

This research was sponsored by the Arizona Department of Trans-
portation.

REFERENCES

1. Chen, B. Modeling Destination Choice in Hurricane Evacuation with
an Intervening Opportunity Model. Louisiana State University, Baton
Rouge, La., 2005.

2. Cheng, G., C. G. Wilmot, and E. J. Baker. Destination Choice Model
for Hurricane Evacuation. Presented at 87th Annual Meeting of the
Transportation Research Board, Washington, D.C., 2008.

3. Mei, B. Development of Trip Generation Modelsof Hurricane Evacuation.
Msthesis. Louisiana State University, Baton Rouge, 2002.

4. Wilmot, C. G., N. Modali, and B. Chen. Modeling Hurricane Evacua-
tion Traffic: Testing the Gravity and I ntervening Opportunity Modelsas
Models of Destination Choicein Hurricane Evacuation. Louisiana Trans-
portation Research Center and Department of Civil and Environmental
Engineering, Louisiana State University, Baton Rouge, 2006.

5. Wilmat, C. G., and B. Mei. Comparison of Alternative Trip Generation
Modelsfor Hurricane Evacuation. Natural Hazards Review, Vol. 5, No. 4,
2004, pp. 170-178.

6. Southworth, F., and S. Chin. Network Evacuation Modeling for Flooding
asaResult of Dam Failure. Environment and Planning A, Vol. 19, 1987,
pp. 1543-1558.

99

7. Southworth, F. Regional Evacuation Modeling: A State-of-the-Art
Review. Oak Ridge National Laboratory, Oak Ridge, Tenn., 1991.

8. Tweedie, S. W.,J. R. Rowland, S. Walsh, R. R. Rhoten, and P. L. Hagle.
A Methodology for Estimating Emergency Evacuation Times. Social
Science Journal, Vol. 21, No. 2, Western Socia Science Association,
1986, pp. 189-204.

9. Henk,R. H.,A. J.Bdlard, R. L. Robideau, W. G. Peacock, P. Maghelal,
M. K.Lindell, C. S. Prater, L. Loftus-Otway, P. Siegesmund, R. Harrison,
L. Lasdon, Y .-C. Chiu, H. Zheng, J. Perkins, C. Lewis, and S. Boxill.
Disaster Preparednessin Texas. Texas Transportation Institute, College
Station, 2007.

10. Chiu, Y.-C., H. Zheng, J. A. Villalobos, W. Peacock, and R. Henk.
Evaluating Regional Contra-Flow and Phased Evacuation Strategies
for Central Texas Using aLarge-Scale Dynamic Traffic Simulation and
Assignment Approach. Journal of Homeland Security and Emergency
Management, VVol. 5, No. 1, 2008.

11. Chiu, Y.-C., and P. B. Mirchandani. Online Behavior—Robust Feedback
Information Routing Strategy for Mass Evacuation. | EEE Transactions
on Intelligent Transportation Systems, Vol. 9, No. 2, 2008, pp. 264—-274.

12. Shelton, J. IH-10 East Corridor Improvement Sudy Using Multi-
Resolution Dynamic Traffic Smulation Approach—Final Report. Texas
Transportation Institute, El Paso, 2007.

13. Shelton, J., Y.-C. Chiu, and B. T. Kuhn. Evaluation of Managed Ramp
Strategies for Incident and Congestion Management. Presented at 87th
Annual Meeting of the Transportation Research Board, Washington,
D.C., 2008.

14. Shelton, J., and E. Nava. Evaluation of Alternatives for Zaragoza/
1-10 Interchange—Final Report. 24-6XXIA-001 Subtask 1. Texas
Transportation Institute, El Paso, 2007.

15. Chiu, Y.-C. Development and Calibration of Anisotropic Mesoscopic
Simulation Model for Uninterrupted Flow Facilities. Transportation
Research, Part B. In press.

16. Chiu, Y.-C., and H. Song. The Development and Calibration of the
Anisotropic Mesoscopic Simulation Model on Uninterrupted Flow Facil-
ities. Presented at 86th Annual Meeting of the Transportation Research
Board, Washington, D.C., 2007.

17. Mirchandani, P. B., Y.-C. Chiu, M. Hickman, H. Zheng, and H. Noh.
Platform for Evaluating Emergency Evacuation Srategies. Draft Final
Report 634. ATLAS Center, University of Arizona, Tucson, 2009.

18. Maricopa Regional Household Travel Survey. Final Report. NuStats,
Phoenix, Ariz., 2001.

19. Henson, K. M, and K. G. Goulias. Preliminary Assessment of Activ-
ity and Modeling for Homeland Security Applications. In Transporta-
tion Research Record: Journal of the Transportation Research Board,
No. 1942, Transportation Research Board of the National Academies,
Washington, D.C., 2006, pp. 23-30.

The contents of this paper reflect the views of the authors, who are responsible
for the facts and the accuracy of the data. The contents do not necessarily reflect
the official views or policies of the Arizona Department of Transportation.

The Transportation Network Modeling Committee sponsored publication of this
paper.



