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Seman tic computing addresses the transformation of data, b oth structured and unstruc-

tured in to information that is useful in application domains. One domain where seman tic

computing w ould b e extremely e�ectiv e is ev acuation route planning, an area of criti-

cal imp ortance in disaster emergency managemen t and homeland defense preparation.

Ev acuation route planning, whic h iden ti�es paths in a giv en transp ortation net w ork to

minimize the time needed to mo v e vulnerable p opulations to safe destinations, is com-

putationally c hallenging b ecause the n um b er of ev acuees often far exceeds the capacit y ,

i.e. the n um b er of p eople that can mo v e along the road segmen ts in a unit time. A se-

man tic computing framew ork w ould help further the design and dev elopmen t of e�ectiv e

to ols in this domain, b y pro viding a b etter understanding of the underlying data and

its in teractions with v arious design tec hniques. T raditional Linear Programming(LP)

based metho ds using time expanded net w orks can tak e hours to da ys of computation

for metrop olitan sized problems.In this pap er, w e prop ose a new approac h, namely a ca-

pacit y constrained routing planner for ev acuation route planning whic h mo dels capacit y

as a time series and generalizes shortest path algorithms to incorp orate capacit y con-

strain ts. W e describ e the building blo c ks and discuss the implemen tation of the system.

Analytical and exp erimen tal ev aluations that compare the p erformance of the prop osed

system with existing route planners sho w that the capacit y constrained route planner
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pro duces solutions that are comparable to those pro duced b y LP based algorithms while

signi�can tly reducing the computational cost.

Keyw ords:

ev acuation planning, routing and sc heduling, transp ortation net w ork,seman tic com-

puting

1. In tro duction

Seman tic computing deals with the study of the transformation of structured and

unstructured data in to useful information that can b e accessed b y v o cabulary-based

applications. There are n umerous domains where a thorough understanding of the

seman tics of data w ould lead to more e�ectiv e and e�cien t design and implemen-

tation of applications. Seman tic computing pro ceeds through stages that transform

a giv en set of user requiremen ts in to an application system. Figure 1 sho ws the

di�eren t steps in this pro cess. As noted in [37] , \a seman tic system is built b y

Detailed
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Design
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SystemBlocks

Semantic Building
User

Fundamental

Requirements
Semantic Objects

Fig. 1. Stages of Seman tic Computing

transforming fundamen tal user requiremen ts in to a v o cabulary of seman tic building

blo c ks whic h maps to application to ols and seman tic ob jects that implemen t the

design". In this pap er, v arious asp ects of seman tic computing will b e explored in

the con text of ev acuation route planning. In ev acuation planning, understanding the

underlying structure of the transp ortation net w orks and exploring the v arious de-

sign options a v ailable for eac h step helps in the dev elopmen t of e�cien t algorithms

and consequen tly , generation of feasible and e�cien t ev acuation plans. The require-

men ts in ev acuation planning are deriv ed from the ev acuation scenarios where the

p opulation from a disaster-impacted area needs to b e transp orted to designated safe

destinations. The ev acuation is planned based on the transp ortation net w ork in the

area. The capacit y constrain ts caused b y the limited capacit y of the transp ortation

net w ork p ose a c hallenge in planning the routes that minimize the ev acuation time.

This feature of the transp ortation net w ork needs to b e addressed through the de-

sign and implemen tation stages of the pro cess. In the design phase of the pro cess,

the building blo c ks of the ev acuation route planner need to b e iden ti�ed and the

v arious options to design these blo c ks, explored and ev aluated.
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1.1. Sc op e and Outline of the Pap er

The main fo cus of this pap er is to dev elop an ev acuation route planner using the

framew ork of seman tic computing. In this framew ork, the domain requiremen ts are

analyzed, the ev acuation net w ork is mo deled as a graph and the capacities of the

edges and no des are mo deled using time series. In our problem form ulation, w e

allo w time dep enden t no de capacit y and edge capacit y , but w e assume that edge

capacit y do es not dep end on the actual 
o w amoun t in the edge. W e also allo w

time dep enden t edge tra v el time, but w e require that the net w ork preserv e the

FIF O (First-In First-Out) prop ert y . Though the mo del cannot handle tra v el times

represen ted as con tin uous functions of time, a dynamic mo del represen ted b y a

discrete function can b e easily incorp orated in this mo del. A heuristic algorithm

is prop osed whic h e�ectiv ely extends a shortest path algorithm to accoun t for the

capacit y constrain ts, and th us pro viding a simpler and computationally e�cien t

solution to ev acuation route planning.

Outline of the P ap er : The rest of the pap er is organized as follo ws. Section 2

describ es the user requiremen ts and pro vides an outline of the problem form ulation.

Section 3 discusses the seman tic building blo c ks, the design space and c hoices a v ail-

able in the represen tation of the temp oral nature of the ev acuation net w ork, the

algorithmic framew ork and the shortest path algorithms that can b e used in ev acu-

ation route planning. Section 4 presen ts the implemen tation of a heuristic approac h

to the problem using the building blo c ks discussed in Section 3. It also giv es a a brief

discussion of an optimal approac h to ev acuation route planning using A* searc h.

Sections 5 and 6 deal with the ev aluations of the v arious design c hoices; Section

5 giv es an analytical ev aluation of v arious candidates p ertaining to ev ery design

decision relev an t to the p erformance of the ev acuation route planning algorithm. In

Section 6, w e presen t an exp erimen tal study to assess the relativ e merits of v arious

options a v ailable in ev ery design decision. W e giv e conclusions and discuss future

w ork in Section 7.

2. F undamen tal User Requiremen ts

Man y disasters, natural or man-made, can lead to situations where p eople need to

b e mo v ed from impacted areas to safe destinations. In suc h scenarios, it is critical

to iden tify routes suc h that ev acuation can b e completed in the shortest p ossible

time. Ev acuation route planning aims at �nding routes in the giv en transp ortation

net w ork that w ould minimize the ev acuation time. This is a critical step in disaster

emergency managemen t and homeland defense preparation. The recen t catastro-

phes caused b y h urricanes on the Gulf coast underscore the imp ortance of ev acua-

tion planning. Route planning in these circumstances is c hallenging b ecause of the

capacit y constrain ts i.e. the limit on the n um b er of p eople that can mo v e along

the road segmen ts in unit time. E�ectiv e ev acuation route planning that honors the

capacit y constrain ts of the transp ortation net w ork has the p oten tial to reduce con-

gestion during large scale ev acuations. A comprehensiv e approac h whic h addresses
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capacit y constrain ts and their time-dep endence is critical for the e�ectiv eness of

an y ev acuation plan.

Previous approac hes [18 ; 10 ; 17 ; 24 ; 25 ; 20] to ev acuation route planning use lin-

ear programming (LP) based metho ds to generate ev acuation plans. These meth-

o ds incorp orate capacit y constrain ts b y using time expanded net w orks and require

a user-pro vided upp er b ound on the total ev acuation time. Although these ev ac-

uation planning algorithms generate optimal plans, they do not consider the k ey

c haracteristics of the net w orks encoun tered in urban ev acuation scenarios, suc h as

the size of the net w orks. As a result, they are exp ensiv e with resp ect to memory

and tak e a long time (order of hours to da ys) to solv e problems of the sizes usually

encoun tered in urban ev acuation scenarios.

There is an immediate need for an algorithm that is sensitiv e to the unique

c haracteristics of transp ortation net w orks and th us able to quic kly generate high

qualit y ev acuation plans. This pap er presen ts a new approac h, namely a capacit y

constrained routing (CCRP) approac h, to ev acuation route planning. The prop osed

approac h mak es use of w ell kno wn shortest path algorithms and extends them b y

incorp orating capacit y constrain ts. It mo dels capacit y as a time series to accoun t

for the time dep enden t nature of the net w orks. It uses only the original ev acuation

net w ork instead of the time-expanded net w ork used b y the LP based approac h and

th us requires less memory .

In this pap er, w e c haracterize the design space a v ailable in the con text of the

Capacit y Constrained Route Planner (CCRP) algorithm, fo cusing on the seman tics

of the underlying transp ortation net w ork. . The pap er presen ts analytical cost mo d-

els for the v arious design options. P erformance ev aluation of CCRP w as done b y

conducting exp erimen ts on v arious net w ork con�gurations. Analytical ev aluation

and exp erimen tal results sho w that the prop osed CCRP algorithm pro duces high

qualit y solutions, and signi�can tly reduces the computational cost compared to the

LP based approac h, whic h pro duces optimal but exp ensiv e solutions.

2.1. R e quir ements fr om the Applic ation Domain

Ev acuation route planning has b een iden ti�ed as a critical step in emergency man-

agemen t. A recen t Executiv e Summary [13] issued b y the US Homeland Securit y

Council listed 15 kinds of scenarios, ranging from natural disasters to terrorist at-

tac ks, for whic h go v ernmen t agencies are urged to dev elop emergency plans and most

of these scenarios w ould require ev acuation plans to ev acuate large p opulations to

safe areas. Curren tly , lo cal emergency managemen t authorities often iden tify ev acu-

ation routes b y hand using a committee of exp erts. They do not ha v e computerized

to ols to consider capacit y constrain ts of the transp ortation net w ork and th us sel-

dom a v oid congestion during ev acuation. F or example, when Hurricane Andrew w as

approac hing Florida in 1992 (see Figure 2), the lac k of e�ectiv e planning caused

tremendous tra�c congestion, general confusion and c haos (see Figure 2) [1]. This

exp erience w as ec ho ed in the w ords of Ma y or Tim Lott of Morgan Cit y , Louisiana
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when Hurricane Andrew later headed for that state: "W e pac k ed up Morgan Cit y

residen ts to ev acuate in the a.m. on the da y that Andrew hit coastal Louisiana,

but in early afterno on the ma jorit y came bac k home. The tra�c w as so bad that

they couldn't get through Lafa y ette." [1]. These ev en ts illustrate the complexit y of

ev acuation route planning and the fact that the problem extends b ey ond computing

the shortest routes from ev acuation p oin ts to safe destinations. A comprehensiv e

approac h whic h includes capacit y constrain ts and their time-dep endence is critical

for the e�ectiv eness of the solution. In 2005, Hurricane Katrina and Hurricane Rita

(Figure 3(a)) caused similar problems [19]. Figure 3(b) sho ws the tra�c congestion

caused b y Hurricane Rita during the Houston ev acuation on high w a y I-45.

(a) Hurricane Andrew, 1992;

Source:National W eather Services

(b) Congestion F rom Andrew;Source:

W ashington P ost

Fig. 2. Hurricane Andrew & T ra�c Congestion

Other t yp es of disasters, suc h as acciden ts or terrorist attac ks (e.g. bio-c hemical

attac k) ma y also result in the need for massiv e and rapid ev acuations of p eople

from metrop olitan areas [13 ; 15 ; 8 ; 9]. In other cases, a disaster ma y require the

ev acuation of large buildings (e.g. P en tagon, the Sears T o w er).

Th us, e�cien t to ols are needed to pro duce ev acuation plans that iden tify routes

and sc hedules to quic kly ev acuate a�ected p opulations to safet y in the ev en t of

natural disasters, terrorist attac ks or other t yp es of large-scale emergencies.

2.2. Pr oblem F ormulation

T ransp ortation net w orks use graphs as the underlying mo del. No des represen t the

in tersections and buildings, and edges represen t the road segmen ts b et w een them. In

addition to the no des and edges, the edges ha v e a cost whic h in most transp ortation
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(a) Hurricane Rita, 2005;

Source:National W eather Services

(b) Congestion F rom Rita on I-

45;Source: FEMA

Fig. 3. Hurricane Rita & T ra�c Congestion

net w orks represen ts the tra v el time. Graphs that mo del transp ortation net w orks,

also need to mo del the capacit y constrain ts of the no des and edges. Eac h edge has

a capacit y whic h indicates the maxim um 
o w rate on the edge (
o w p er unit of

time). In addition, the no des are also attributed with a capacit y , whic h represen ts

the maxim um holding capacit y of the en tities represen ted b y these no des. In the

con text of ev acuation planning where an a�ected p opulation is mo v ed from unsafe,

disaster-stric k en areas to safe lo cations, no des in the initial lo cations of the ev acuees

are called source no des, and no des in the safe destinations are called destination

no des.

W e form ulate the ev acuation route planning problem as follo ws:

Giv en: A transp ortation net w ork with non-negativ e in teger capacit y constrain ts

on no des and edges, non-negativ e in teger tra v el time on edges, the total

n um b er of ev acuees and their initial lo cations, and lo cations of ev acuation

destinations.

Output: An ev acuation plan consisting of a set of origin-destination routes and a

sc heduling of ev acuees on eac h route. The sc heduling of ev acuees on eac h

route should observ e the capacit y constrain ts of the no des and edges on

this route.

Ob jectiv e: (1) Minimize the ev acuation egress time, whic h is the time elapsed

from the start of the ev acuation un til the last ev acuee reac hes the ev ac-

uation destination. (2) Minimize the computational cost of pro ducing the

ev acuation plan.

Constrain t: (1) Edge tra v el time preserv es the FIF O (First-In First-Out) prop ert y .
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(2) Edge tra v el time re
ects dela ys at in tersections. (3) Limited amoun t of

computer memory .

Example 1. (An Ev acuation Net w ork) Figur e 4 shows an example evacua-

tion network. Each no de is shown by an el lipse and it has two attributes: maximum

no de c ap acity and initial no de o c cup ancy. F or example, at no de N1, the maximum

c ap acity is 50, which indic ates that this no de c an hold at most 50 evacue es at any

time instant. The initial o c cup ancy is shown to b e 10, which me ans ther e ar e 10

evacue es at this no de when the evacuation starts. In Figur e 4, e ach e dge, shown as

an arr ow, r epr esents a link b etwe en two no des. Each e dge also has two attributes:

maximum e dge c ap acity and tr avel time. F or example, at e dge N4-N6, the maximum

e dge c ap acity is 5, which me ans at e ach time p oint, at most 5 evacue es c an start

to tr avel fr om no de N4 to N6 thr ough this link. The tr avel time of this e dge is 4,

which me ans it takes 4 time units to tr avel fr om no de N4 to N6. This appr o ach

of mo deling an evacuation sc enario to a c ap acitate d no de-e dge gr aph is similar to

those pr esente d in Hamacher [18] , Kisko [25] and Chalmet [10] .
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Fig. 4. No de-Edge Graph Mo del of Example Ev acuation Net w ork

As sho wn in Figure 4, supp ose w e initially ha v e 10 ev acuees at no de N1, 5 at

no de N2, and 15 at no de N8. The task is to compute an ev acuation plan that

ev acuates the 30 ev acuees to the t w o destinations (no des N13 and N14) using the

least amoun t of time.

Example 2. (An Ev acuation Plan) T able 1 shows an example evacuation plan
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for the evacuation network in Figur e 4. In this table, e ach r ow shows one gr oup

of evacue es moving to gether during the evacuation with a gr oup ID, sour c e no de,

numb er of evacue es in this gr oup, the evacuation r oute with time sche dule, and the

destination time. The r oute is shown by a series of no de numb ers and the time

sche dule is shown by a start time asso ciate d with e ach no de on the r oute. T ake

sour c e no de N8 for example; initial ly ther e ar e 15 evacue es at N8. They ar e divide d

into 3 gr oups: Gr oup A with 6 p e ople, Gr oup B with 6 p e ople and Gr oup C with 3

p e ople. Gr oup A moves fr om no de N8 at time 0 to no de N10, then moves fr om no de

N10 at time 3 to no de N13, and r e aches destination N13 at time 4. Gr oup B fol lows

the same r oute as gr oup A, but has a di�er ent sche dule due to c ap acity c onstr aints

of this r oute. This gr oup moves fr om N8 at time 1 to N10, then moves fr om N10

at time 4 to N13, and r e aches destination N13 at time 5. Gr oup C takes a di�er ent

r oute. It moves fr om N8 at time 0 to N11, then moves fr om N11 at time 3 to N14,

and r e aches destination N14 at time 5. The pr o c e dur e is similar for other gr oups of

evacue es fr om sour c e no de N1 and N2. The whole evacuation e gr ess time is 16 time

units sinc e the last gr oups of p e ople (Gr oups H and I) r e ach destinations at time

16. This evacuation plan is an optimal plan for the evacuation sc enario shown in

Figur e 4.

T able 1. Example Ev acuation Plan

Group of Ev acuees

ID Source Group Route with Sc hedule Dest.

Size Time

A N8 6 N8(T0)-N10(T3)-N13 4

B N8 6 N8(T1)-N10(T4)-N13 5

C N8 3 N8(T0)-N11(T3)-N14 5

D N1 3 N1(T0)-N3(T1)-N4(T4)-N6(T8)-N10(T13)-N13 14

E N1 3 N1(T0)-N3(T2)-N4(T5)-N6(T9)-N10(T14)-N13 15

F N1 1 N1(T0)-N3(T1)-N5(T4)-N7(T8)-N11(T13)-N14 15

G N2 2 N2(T0)-N3(T1)-N5(T4)-N7(T8)-N11(T13)-N14 15

H N2 3 N2(T0)-N3(T3)-N4(T6)-N6(T10)-N10(T15)-N13 16

I N1 3 N1(T1)-N3(T2)-N5(T5)-N7(T9)-N11(T14)-N14 16

Alternate problem form ulations of the ev acuation problem are a v ailable b y

c hanging the ob jectiv e of the problem. The main ob jectiv e of our problem form u-

lation is to minimize the ev acuation egress time. Tw o alternate ob jectiv es are: (1)

Maximize the n um b er of ev acuees that reac h the destination for eac h time unit; (2)

Minimize the a v erage ev acuation time for all ev acuees. Jarvis and Ratli� presen ted

and pro v ed the triple optimization the or em [22] , whic h illustrates the prop erties of

the solutions that optimize the ab o v e ob jectiv es of the ev acuation problem.
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2.3. R elate d Work and Our Contribution

The previous approac h for ev acuation route planning uses a linear programming

(LP) based metho d. It mo dels the ev acuation problem as a net w ork 
o w prob-

lem [16 ; 4] and �nds the optimal solution using LP based metho ds solv ers. Hamac her

and Tjandra [18] extensiv ely review ed the mo dels and algorithms used in these LP

based metho ds. Based on the triple-optimization results b y Jarvis and Ratli� [22],

the LP based metho d for ev acuation route planning w orks as follo ws. First, it mo d-

els the ev acuation net w ork in to a graph, as sho wn b y net w ork G in Figure 6, and it

requires the user to pro vide an estimated upp er b ound T of the ev acuation egress

time. Second, it con v erts ev acuation net w ork G to a time-expanded net w ork

�

b y

duplicating the original ev acuation net w ork G for eac h discrete time unit t = 0, 1,

: : : , T . Then, it de�nes the ev acuation problem as a minim um cost net w ork 
o w

problem [16 ; 4] on the time-expanded net w ork G

T

. Finally , it feeds the expanded

net w ork G

T

to minim um cost net w ork 
o w solv ers, suc h as NETFLO [23], to �nd

the optimal solution. F or example, EV A CNET [10 ; 17 ; 24 ; 25] is a computer pro-

gram based on this approac h whic h computes egress time for building ev acuations.

It uses NETFLO co de to obtain the optimal solution. Hopp e and T ardos [20 ; 21]

ga v e a p olynomial time b ounded algorithm b y using the ellipsoid metho d of linear

programming to �nd the optimal solution for the minim um cost 
o w problem. The-

oretically , the ellipsoid metho d has a p olynomial b ounded running time.

Limitations of Related W ork : The LP based approac h can pro duce optimal

solutions for ev acuation route planning. It is useful for ev acuation scenarios with

small size net w orks(sev eral h undreds of no des and edges), suc h as building ev acu-

ation. Ho w ev er, this approac h has the follo wing limitations. First, it signi�can tly

increases the problem size b ecause it requires time-expanded net w ork G

T

to pro-

duce a solution. As can b e seen in Figure 6 , if the original ev acuation net w ork G

has n no des and the time upp er b ound is T , the time-expanded net w ork G

T

will

ha v e at least ( T + 1) n no des. This approac h ma y not b e able to scale up to large

size (tens of thousands of no des and edges) transp ortation net w orks in urban ev ac-

uation scenarios due to high computational run-time caused b y the tremendously

increased size of the time-expanded net w ork. Second, the LP based approac h re-

quires the user to pro vide an upp er b ound T of the ev acuation time in order to

generate the time-expanded net w ork. It is di�cult, ho w ev er, to precisely estimate

the ev acuation time for an urban scenario where the n um b er of ev acuees is large

and the transp ortation net w ork is complex. An under-estimated time b ound T will

result in failure of �nding a solution. In this case, the user will ha v e to increase the

v alue of T and re-run the algorithm un til a solution can b e reac hed. On the other

hand, an o v er-estimated T will result in an o v er-expanded net w ork G

T

and hence

lead to unnecessary storage and run-time and w ould adv ersely a�ect the scalabilit y

�

Details of time-expanded net w ork are a v ailable in Section 3.1.
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to large net w orks.

Our Con tributions : T o b egin to address the limitations of the previous metho ds

Lu, Huang and Shekhar [28] prop osed a heuristic capacit y constrained routing algo-

rithm CCRP 03 (formerly called MR CCP in [28]) for ev acuation route planning. It

has a computational complexit y O ( p � n

2

l og n ) (where n the is n um b er of no des and

p is the n um b er of ev acuees). Lu, George and Shekhar [27] presen ted an impro v ed

algorithm CCRP 05, whic h reduced the run-time to O ( p � nl og n ) b y optimizing the

shortest path searc h in CCRP 03.

In this pap er, w e �rst pro vide an alternate optimal algorithm using A* searc h

[30 ; 32]. This algorithm addresses the limitations of the LP based approac h b y using

only the original ev acuation net w ork to �nd the optimal solution and it do es not

require a user-pro vided upp er b ound on ev acuation time. W e pro vide the pro of of

monotonicit y and admissibilit y of this A* searc h algorithm. Ho w ev er, our exp eri-

men ts sho w that this metho d is not scalable to large size net w orks.

W e also prop ose an impro v ed heuristic algorithm (CCRP), based on CCRP 05 [27],

b y exploring a v ailable design decisions for CCRP 05. W e c haracterize the design

space a v ailable in the con text of the CCRP algorithms and ev aluate the p erformance

of the CCRP algorithms for eac h of the design decisions. Since the shortest path

computation is the b ottlenec k step in CCRP , w e explore a wide range of shortest

path algorithms and related data structures, in the con text of the features of ev acua-

tion net w orks [14 ; 12 ; 31 ; 33 ; 11]. Exp erimen t results sho w that Dijkstra's algorithm

with double-buc k et data structure giv es the b est p erformance for CCRP . W e pro v e

that CCRP with this implemen tation has an impro v ed run-time of O ( p � ( m + 2 C n )),

whic h is faster than the LP based metho d in real ev acuation scenarios. W e also sho w

that CCRP requires less memory than the LP based algorithm. Exp erimen tal ev al-

uation of CCRP w as conducted using v arious net w ork con�gurations to test the

p erformance and the solution qualit y under di�eren t net w ork parameters. Results

sho w that CCRP pro duces high qualit y solutions and is m uc h more computation-

ally e�cien t than the LP based algorithm. It is also sho wn that CCRP's adv an tage

o v er the LP based algorithm increases with increase in the n um b er of destination

no des in the net w ork.

3. Seman tic Building Blo c ks

The design space of the prop osed ev acuation planning algorithm needs to b e ex-

plored in the con text of the unique features of the transp ortation net w orks that

are encoun tered in the ev acuation scenarios. Most ev acuations are p erformed as a

m ulti-stage pro cess, with the ev acuees �rst b eing mo v ed from the disaster areas to

holding areas, and then mo v ed again at a later stage to safe destinations. The trans-

p ortation net w orks enoun tered at eac h stage of an ev acuation can di�er in net w ork

size, edge capacities, edge costs (tra v el times) and no de capacities. F or example,

the �rst stage of ev acuation w ould require a detailed map with a large n um b er of
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small capacit y no des (corresp onding to homes, w orkplaces, sc ho ols) and roads that

ha v e less capacit y , leading to a large net w ork size. The ev acuation net w ork gro ws

smaller as the ev acuation progresses through stages, with smaller n um b er of no des

and edges of larger capacities and longer edge tra v ersal times (edge costs). A signif-

ican t observ ation w ould b e that at ev ery lev el, the graph represen ting the net w ork

remains sparse. In this section, w e discuss in detail the design space in the con text

of ev acuation route planning algorithms.

T able 2. Design Space Of Ev acuation Route Planning Algorithms.

Algorithmic F ramew ork

Optimal Heuristic

Algorithms Algorithms

Time Linear

T emp oral Expanded Programming

Net w ork Net w ork Algorithms

Represen tation

Time Series

Represen tation A* Based CCRP

of No de/Edge Capacit y Algorithm Algorithms

As sho wn in T able 2, ev acuation route planning algorithms can b e categorized us-

ing t w o dimensions, namely temp oral net w ork represen tation and algorithm frame-

w ork . T able 2 sho ws the algorithms that fall in to eac h of the four com binations.

The temp oral net w ork presen tation can b e also divided in to t w o categories: 1)

time expanded net w ork, and 2) time series represen tation. This categorization of the

design space giv es four com binations for ev acuation route planning algorithms based

on their algorithm framew ork and temp oral net w ork represen tation. In Section 3.1,

w e describ e the nature of the time expanded net w ork whic h is used in LP based

algorithms and the time series represen tation whic h is used in our prop osed A*

based algorithm and heuristic algorithm.

The algorithm framew ork can b e divided in to t w o categories: 1) optimal algo-

rithms that pro duce ev acuation plans with optimal ev acuation time, and 2) heuristic

algorithms that pro duce sub-optimal ev acuation plans. Section 3.2 explains in detail

the optimal algorithms and heuristic algorithms for ev acuation route planning. As

discussed earlier, LP based algorithms pro duce optimal solutions but ha v e limita-

tions. T o address these limitation, w e prop ose an A* searc h based algorithm whic h

pro duces optimal solutions and more notably , a new heuristic algorithm whic h is

computationally e�cien t compared to optimal algorithms, called the Capacit y Con-
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strained Route Planner. It uses time series represen tation to accoun t for capacit y

constrain ts and generalizes shortest path algorithms to �nd ev acuation routes. W e

c haracterize the design decisions a v ailable in the con text of the CCRP algorithms

and ev aluate the options for eac h of the design decisions. Figure 5 sho ws sample pro-

�ling data of the CCRP run-time using a net w ork with 5000 no des, 1000 ev acuees,

500 source no des and 50 destination no des. The left column sho ws the algorithm

run time of CCRP 03, whic h is the earliest v ersion of CCRP . As can b e seen, the

b ottlenec k for CCRP 03 is the shortest path searc h searc h to �nd the closest pair,

accoun ting for 90 p ercen t of the total algorithm run-time, whic h is v ery signi�can t

at the earlier stages of ev acuation since the n um b er of source no des and destina-

tion no des are substatially larger than at later stages. Therefore, the fo cus of the

CCRP design decisions is to impro v e the p erformance of the closest-pair shortest

path searc h. The righ t column in Figure 5 sho ws CCRP run-time with impro v ed

implemen tation (referred to as CCRP in the rest of the pap er) using results from

ev aluation of the design decisions. It sho ws that the design decision reduced the

run-time of the b ottlenec k step from 90 p ercen t to ab out 67 p ercen t of the total

algorithm run-time.

Fig. 5. Sample Pro�ling Data of CCRP Run-time with and without Design Decisions

Section 3.3 presen ts the di�eren t metho ds of using shortest path algorithms to

�nd closest source-destination pairs in the CCRP algorithms. In Section 3.4, w e

discuss the candidate shortest path algorithms for the closest pair computation.

The v arious data structures that are used to implemen t these algorithms and their

relativ e p erformances are also discussed in Section 3.5.

3.1. R epr esentation of the T emp or al Network

One of the biggest c hallenges in mo deling an ev acuation net w ork has b een the ca-

pacit y constrain ts of the ev acuation net w ork. The no des and edges in an ev acuation

net w ork ha v e �nite capacities and the a v ailable capacit y of a no de or edge at a
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giv en time dep ends on the curren t o ccupancies of the no de or edge. This means

the a v ailable capacities on the net w ork are time-v arian t and a route can b ecome

una v ailable at certain time instan ts due to the reduced capacities of the no des and

edges on this route. This prop ert y of time-v arian t capacit y constrain ts adds a new

dimension to the problem of ev acuation planning b ecause existing shortest path

algorithms do not consider capacit y constrain ts while �nding routes. This leads to

form ulation of v arious temp oral net w ork represen tations that w ould mak e net w ork

mo dels capable of mo deling the time-v arian t nature of net w ork parameters, suc h as

capacities. In this section, w e discuss t w o di�eren t approac hes to temp oral net w ork

represen tation for ev acuation route planning. W e assume that the a v ailable capacit y

of no des and edges c hanges at discrete instan ts of time.

Time Expanded Net w orks: One w a y to represen t the temp oral ev acuation net-

w ork is to con v ert the original net w ork in to a time-expanded net w ork. This is done

b y expanding the original ev acuation net w ork in the time dimension b y making a

separate cop y of all no des for ev ery in teger v alue of time t 2 f 0 ; 1 ; 2 ; : : : ; T � 1 g

where T denotes the upp er b ound on the n um b er of time in terv als. Ev ery no de

in the time expanded net w ork represen ts a time-no de pair that consists of a time

t 2 0 ; 1 ; 2 ; : : : ; T � 1 and a no de i 2 N ,1 where N is the set of no des in the original

net w ork. Ev ery edge in a time expanded net w ork is a directed edge from a no de-

time pair ( i; t ) to another no de-time pair [ j; min ( T ; t + d

ij

( t )), where ( i; j ) 2 E , and

E is the set of edges in the original net w ork.

Figure 6(a) sho ws an original ev acuation net w ork G and Figure 6(b) sho ws

its time expanded net w ork G

T

when T = 4. Ev ery path in the original ev acuation

net w ork corresp onds to a path in the time expanded net w ork with the same tra v el

time and tra v el cost. A shortest path problem in the original ev acuation net w ork

can b e solv ed b y applying a static shortest path algorithm to its time expanded

net w ork.

The LP algorithm uses a time expanded net w ork to �nd an optimal solution. As

noted earlier, a ma jor limitation of this approac h is that the time expanded net w ork

signi�can tly increases the problem size since a net w ork with n no des w ould expand

to a net w ork with at least ( T + 1) n no des, where T is the upp er b ound on the

n um b er of time in terv als. This approac h ma y not b e able to scale up to large size

transp ortation net w orks in the �rst stages of ev acuation due to high computational

run-time caused b y the tremendously increased size of the time-expanded net w ork.

In addition, it requires the user to pro vide an upp er b ound T of the ev acuation time

in order to generate the time-expanded net w ork. It is hard to precisely estimate the

ev acuation time when the n um b er of ev acuees is large and the transp ortation net-

w ork is complex.

Time Series Represen tation of Edge/No de Capacities: In this approac h the

temp oral nature of the edge and capacities is mo deled b y a time series represen tation
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(a) Ev acuation Net w ork (b) Time-expanded Net w ork, T=4

Fig. 6. Ev acuation Net w ork and the Time-expanded Net w ork

of the capacities. It is again assumed that capacities c hange only at discrete instan ts

of time. The edge and no de capacities are represen ted as time series whic h w ould

con tain the v alues of a v ailable capacities at discrete in terv als of time. The time series

is generated dynamically during the iterations of the algorithm and th us a v oiding

the need for prior kno wledge of the upp er b ound of the ev acuation time.

T ables 3 and 4 illustrate the time series of no de and edge capacities for the

ev acuation plan of the net w ork sho wn in Figure 6. In T able 3, eac h ro w sho ws

the a v ailable capacit y (with used capacit y in paren theses) of one no de at eac h time

instan t during the ev acuation. F or example, the �rst ro w sho ws the time series of

No de 1; No de 1 has a v ailable capacit y of 3 at time 0 and a v ailable capacit y of 5

at time 1, time 2 and time 3. Similarly , in T able 3, eac h ro w sho ws the a v ailable

capacit y (with used capacit y in paren theses) of one edge at eac h time instan t that

ev acuees are en tering this edge. F or example, the �rst ro w sho ws the time series of

Edge 1-2; it has a v ailable capacit y of 0 at time 0 and a v ailable capacit y of 2 at time

1, time 2 and time 3.

It is also easy to see that the memory requiremen t of the time series represen tation
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T able 3. Illustration of the time series of a v ailable no de capacit y for Figure 6. (The used capacities

are sho wn in paren theses.)

Time Instan t 0 1 2 3

No de 1 2(3) 5(0) 5(0) 5(0)

No de 2 4(4) 5(3) 8(0) 8(0)

No de 3 17(3) 18(2) 20(0) 20(0)

No de 4 1 (0) 1 (2) 1 (7) 1 (10)

T able 4. Illustration of the time series of a v ailable edge capacit y for Figure 6. The used capacities

are sho wn in paren theses. (Edges are represen ted in terms of the start no de and end no de; Edge

i � j represen ts the edge from no de i to no de j .)

Time Instan t 0 1 2 3

Edge 1-2 0(2) 2(0) 2(0) 2(0)

Edge 2-3 2(0) 2(0) 2(0) 2(0)

Edge 1-3 1(1) 2(0) 2(0) 2(0)

Edge 3-4 0(2) 0(2) 2(0) 2(0)

Edge 2-4 0(3) 0(3) 3(0) 3(0)

is m uc h less than that of the time expanded net w ork since it uses only the original

net w ork.

3.2. A lgorithmic F r amework

In this section, w e explain in detail the t w o di�eren t algorithm framew orks for ev acu-

ation route planning, namely optimal algorithms and heuristic algorithms. Optimal

algorithms pro duce ev acuation plans with optimal ev acuation time, while heuristic

algorithms pro duce ev acuation plans that are sub-optimal but computationally less

exp ensiv e.

Optimal Algorithms : Optimal algorithms for an ev acuation route planning prob-

lem pro duce ev acuation plans that giv e the shortest p ossible ev acuation egress time

for a giv en ev acuation scenario. Previous ev acuation planning approac hes use LP

based metho ds to �nd the optimal ev acuation plan. Linear programming algorithms

emplo y time expanded net w orks to deriv e the optimal solution whic h is computa-

tionally exp ensiv e and requires a large amoun t of memory , thereb y limiting its

scalabilit y to large net w orks. In addition, LP algorithms require prior kno wledge of

an upp er-b ound on the ev acuation time, whic h also a�ects the feasibilit y of this ap-

proac h since it is hard for the user to estimate the ev acuation time. In this pap er, w e

presen t an alternate optimal algorithm for the ev acuation route planning problem

based on A* searc h form ulation. W e sho w that this A* searc h based algorithm can

pro duce optimal ev acuation plans. W e also pro v e that the heuristic function used in

the prop osed A* algorithm is admissible and monotone. This A* algorithm do es not
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require prior kno wledge of the ev acuation time. Ho w ev er, exp erimen ts sho w that its

scalabilit y is not satisfactory for large ev acuation scenarios.

Heuristic Algorithms : The scalabilit y issues of optimal algorithms op en the p os-

sibilit y of exploring e�ectiv e heuristic algorithms that are more computationally

e�cien t than optimal algorithms. The CCRP algorithm follo ws this approac h. It

divides ev acuees from eac h source in to m ultiple groups and assigns a route and time

sc hedule to eac h group. The heuristic used in CCRP giv es priorit y to the route with

the earliest destination arriv al time and reserv es no de capacit y and edge capacit y

for ev acuees along this route. CCRP uses time series represen tation to accoun t

for capacit y constrain ts and generalize shortest path algorithms to �nd ev acuation

routes. The algorithm emplo ys shortest path algorithms to �nd the quic k est route

from source no des to destination no des based on the a v ailable capacit y on the route.

CCRP �nds one quic k est route in eac h iteration and the iteration terminates when

all ev acuees reac h destinations. Though the CCRP algorithms do not pro duce op-

timal solutions in all ev acuation scenarios, exp erimen ts sho w that the ev acuation

time for the solution lies within ten p ercen t longer than the optimal ev acuation

time in all test cases. CCRP is m uc h more computationally e�cien t than the LP

based algorithms and has m uc h higher scalabilit y to large ev acuation scenarios.

3.3. A lgorithm to Identify Closest Sour c e-Destination Pair

As discussed in Section 3.1, LP based metho ds are computationally exp ensiv e and

require large amoun ts of memory . Their scalabilit y to large ev acuation net w orks is

v ery limited. This leads us to heuristic algorithms whic h can pro duce high qualit y

solutions that are computationally e�cien t and less memory consuming than opti-

mal algorithms. In this section w e discuss three algorithm framew orks for computing

the closest source-destination pairs that can b e used in the heuristic algorithms. The

framew orks rely on three di�eren t approac hes to the shortest path searc h.

Computation of k

2

Shortest P aths : In a m ultiple source, m ultiple destination

net w ork, the closest destination can b e found b y running the shortest path algo-

rithm for eac h source-destination pair separately . Irresp ectiv e of the shortest path

algorithm used in this computation, the time tak en is m ultiplied b y a factor ( n

1

n

2

),

where n

1

is the n um b er of source no des and n

2

is the n um b er of destination no des.

Computation of k Shortest P aths : The p erformance can b e considerably im-

pro v ed b y adding a �ctitious \sup er source no de" in the net w ork. All the source

no des are connected to this sup er source b y an edge with zero tra v el time and in�-

nite capacit y . The searc h can b e terminated when a destination no de is reac hed. It

can b e easily pro v ed that the path computed from an y source to an y destination is

the shortest path (b y the optimal substructure of the shortest path).
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Computation of Single Shortest P ath : The idea of a "sup er source" is used in

this case to o; the searc h for the shortest path terminates when a destination no de

is reac hed.

It can b e easily concluded that the �rst option is v ery exp ensiv e; it is slo w er

than the second b y a degree of magnitude. This option will not b e explored further

in this pap er. The rest of the pap er will consider only the second and third options.

3.4. Shortest Path A lgorithms

The most computationally in tense task in the CCRP is the computation of the

shortest path from a source to destinations. Th us,the p erformance of CCRP de-

p ends signi�can tly on the p erformance of the shortest path algorithm used. Short-

est path algorithms and their p erformance in di�eren t problems ha v e b een studied

extensiv ely [12 ; 4 ; 11 ; 38] . Ho w ev er, the p erformance of these shortest path algo-

rithms in the con text of CCRP is unkno wn. In this section w e presen t an o v erview

of a v ailable shortest path algorithms for CCRP .

A* Algorithm & Hierarc hical Algorithms : The A* algorithm and hierarc hical

algorithms can b e used to compute the shortest paths in eac h iteration of the heuris-

tic algorithm. These migh t pro v e to b e less e�cien t than algorithms discussed in

subsequen t sections for the heuristic algorithm (CCRP) whic h is the main fo cus of

this pap er since the heuristic algorithm p erforms m ultiple runs of the shortest path

algorithm and the heuristic used in A* algorithm (the Euclidean distance) migh t

pro v e to b e less e�ectiv e after the �rst run. Another class of algorithms that is

used in shortest path computation in large net w orks is the hierarc hical algorithms.

These algorithms are particularly useful in pro cessing graphs that are to o large to

�t in the main memory . Here, the basic idea is to decomp ose the original graph

in to fragmen t graphs and a b oundary graph that stores the details of the decom-

p osition. It has b een sho wn that for this tec hnique to b e computationally e�cien t,

precomputation and storage of shortest path distances in the b oundary graph is

necessary [35]. In the heuristic algorithm studied in this pap er, the precomputed

shortest path distances migh t need frequen t up dates, thereb y undermining the com-

putational sa vings ac hiev ed b y using the hierarc hical algorithm.

Lab el setting Algorithms - Dijkstra's Algorithm : In lab el setting algorithms,

ev ery no de is p ermanen tly lab eled when it is scanned; the no de to b e scanned is

the no de with the minim um lab el. Dijkstra's algorithm falls in this category .

Dijkstra's algorithm (using v arious data structures) is an excellen t candidate for

the shortest path algorithm. The algorithm has a v ery "attractiv e" w orst case com-

plexit y; in fact, it b eats all other shortest path algorithms in the literature with

regard to w orst case complexit y . The v arious implemen tations of this algorithm dif-

fer basically with resp ect to the data structures used. Section 2.5 discusses these



Ma y 17, 2007 EV A CUA TION PLANNING

18 Qingsong Lu, Betsy Ge or ge and Shashi Shekhar

implemen tations in more detail.

Lab el Correcting Algorithms : In a lab el correcting algorithm, the estimates of

shortest path distances are mo di�ed(corrected) un til they con v erge to the optimal

shortest path distances.

Though the w orst case asymptotic complexit y of these algorithms can app ear to b e

inhibitiv e, these algorithms ha v e the p oten tial to p erform as w ell as (or ev en b etter

than) lab el setting algorithms in some net w orks and in cases where the destination

is su�cien tly far a w a y from the source no de (( i.e. )the shortest path distance from

source to a destination no de is quite close in magnitude t to the longest shortest

path distance in a shortest path tree ro oted at the source no de.) Another factor

that w orks in fa v or of lab el correcting algorithms is the use of heuristics to pic k

the next no de to b e scanned. In some cases this approac h w ould b e adv an tageous

compared to main taining exp ensiv e data structures that are necessary to pic k the

mo de with the minim um lab el.

There are four main lab el correcting algorithms:

1) Bellman-F ord-Mo ore Algorithm : This algorithm main tains a set of lab eled no des

in a FIF O queue. The next no de to b e scanned is remo v ed from the head and la-

b eled no des are added to the tail of the queue.

2) Incremen tal graph algorithms : These algorithms main tain the set of lab eled

no des as t w o subsets S 1 and S 2. S 1 con tains lab eled no des that ha v e b een scanned

and S 2 con tains those whic h ha v e nev er b een scanned. The no de to b e scanned is

remo v ed from S 1. If S 1 is empt y , the no de is selected from S 2. An algorithm that

falls in to this category is the Tw o-Q algorithm [31], whic h main tains S 1 and S 2 as

FIF O queues.

3)Threshold algorithms : In threshold algorithms, the ideas b ehind the Bellman-

F ord-Mo ore, Dijkstra's and incremen tal algorithms are com bined. These algo-

rithms partition the set of lab eled no des in to t w o subsets implemen ted using FIF O

queues, Q 1 and Q 2. During an iteration all no des with lab els less than a threshold

are transferred from Q 2 to Q 1. No des in Q 1 are scanned, and lab eled no des are

added to Q 2.

4)Goldb erg-Radzik Algorithm : This algorithm main tains the set of lab eled no des

in t w o sets A and B . A t eac h pass, the no des in set A are computed from B and

the set B is reset to an empt y set. The no des in A are scanned in top ological order.

The newly lab eled no des are added to B . A pass ends when A b ecomes empt y , and

the algorithm terminates when B is empt y at the end of a pass.

3.5. Data Structur es use d in Shortest Path A lgorithms

The data structure used to implemen t a shortest path algorithm can ha v e tremen-

dous impact on its p erformance. In this section, w e �rst discuss the t w o most widely

used data structures for Dijkstra's algorithm, namely buc k ets and heaps. W e will

then presen t the data structures for lab el correcting algorithms. These data struc-
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tures for shortest path algorithms are rep orted [11 ; 38] to giv e the b est p erformance

among all shortest path algorithms on road net w orks.

Buc k ets vs Heaps in Dijkstra's Algorithm : The di�erence in the running times

of v arious implemen tations of Dijkstra's algorithm is due to the di�erence in the

computation in v olv ed in selecting a lab eled no de with the minim um lab el. This

di�erence is due to the di�eren t data structures used to main tain the set of lab eled

no des. Heaps ha v e b een extensiv ely used in the implemen tation of Dijkstra's al-

gorithm; this data structure supp orts the op eration of �nding the no de with the

minim um lab el. Binary heaps and Fib onacci heaps ha v e extensiv ely b een used to

store the lab eled no des. The implemen tation of the algorithm using Fib onacci heaps

has the b est w orst-case complexit y .

Dial's implemen tation of the algorithm used buc k ets instead of heaps to main tain

the set of lab eled no des. The buc k et i con tains all no des with lab el i and no des

are pro cessed in the FIF O order. There ha v e b een drastic impro v emen ts in the

w a y buc k ets are used since the �rst v ersion, whic h has brough t ab out tremendous

impro v emen ts in memory usage. Instead of main taining buc k ets for eac h v alue of

the lab el, a buc k et i con tains no des with lab els in the range [ i � ; ( i + 1)� � 1],

where � is a �xed parameter. No des in a buc k et are pro cessed in the FIF O order.

The implemen tation has t w o t yp es of buc k ets, high lev el and lo w lev el. The n um-

b er of lo w lev el buc k ets is � and a high lev el buc k et i con tains no des with lab els

[ i � ; ( i + 1)� � 1] with the exception of the non-empt y high lev el buc k et with the

smallest index L . No des with lab els [ L � ; ( L + 1)� � 1] are in the lo w lev el buc k et

d ( v ) � L �. After all the no des in the lo w lev el buc k ets are scanned, L increases. If

the corresp onding high lev el buc k et is not empt y , its no des are distributed in to �

lo w er lev el buc k ets. It can b e observ ed that eac h no de is scanned just once if arc

lengths are non-negativ e, whic h is the case for road net w orks in ev acuation route

planning.

Buc k et implemen tation migh t turn out to b e c heap er than heap implemen tations

since heap op erations are exp ensiv e unless the n um b er of no des in the heap is small.

Data Structures in Lab el Correcting Algorithms : In a lab el correcting al-

gorithm, the no de pic k ed for scanning is not alw a ys the no de with the minim um

lab el. The p erformance of algorithms that fall under this category di�er b ecause of

the heuristic used to pic k the next no de to b e scanned and the data structure used

to main tain the set of lab eled no des.

In the �rst lab el correcting algorithm (Bellman-F ord-Mo ore Algorithm), the lab eled

no des are main tained as a FIF O queue. The no de to b e scanned is remo v ed from

the head, and no des as they are lab eled are added to the tail of the queue. It can

b e easily observ ed that if w e pic k a no de v from the set of lab eled no des and if the

paren t of v , u , is in the queue, the scan of v at this p oin t is useless b ecause w e kno w

that the lab el of v w ould further decrease when u is scanned.
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This observ ation led to the mo di�cation whic h uses t w o FIF O queues Q 1 and Q 2

in the Tw o-Q algorithm to main tain the set of lab eled no des. The set of lab eled

no des are partitioned in to t w o subsets implemen ted using Q 1 and Q 2. Q 1 con tains

all lab eled no des that ha v e b een scanned at least once and Q 2 con tains those whic h

ha v e nev er b een scanned. The no de to b e scanned is remo v ed from Q 1 if it is not

empt y and from Q 2, otherwise. The algorithm runs in O ( n

2

m ) in the w orst case.

Despite its w orse asymptotic p erformance, the algorithm has the p oten tial of p er-

forming b etter than lab el setting algorithms if the destination no de is su�cien tly

far a w a y from a giv en source no de.

4. Implemen tation of Design Using Seman tic Ob jects

4.1. Optimal Appr o ach Using A* Se ar ch

As discussed in Sections 1 and 2, the LP based metho ds to solv e the ev acuation

route planning problem use time expanded net w orks that require a large amoun t

of memory; these metho ds also require a prior kno wledge of the upp er b ound of

ev acuation time. There is a need to explore new approac hes that w ould guaran tee

optimal solutions without using time-expanded net w orks. In this section, w e discuss

the p ossibilit y of form ulating the ev acuation route planning problem as a searc h

problem implemen ted as an A* searc h. This approac h �nds an optimal solution to

the ev acuation route planning problem without using time expanded net w orks and

also eliminates the need for a user-pro vided upp er b ound of ev acuation time.

4.1.1. A lgorithmic F r amework

The A* form ulation of the ev acuation route planning problem as discussed in this

section �nds an optimal solution to the problem. It a v oids explicit time expansion of

the net w ork and consequen tially , the need to pre-compute the ev acuation time. The

algorithm presen ted here is based on A* searc h and b y virtue of the searc h heuristic

function used, solv es the problem for minim um ev acuation time. W e presen t the

heuristic function used in this A* form ulation and w e pro v e the prop erties of the

heuristic function whic h guaran tee the optimalit y of the solution.

4.1.2. R epr esentation of the T emp or al Network

In the A* form ulation of the problem, the dimension of time manifests in the searc h

no de expansion in the searc h tree. The expansion is done at ev ery instan t of time.

Though this approac h is conceptually close to time expansion, it is signi�can tly

di�eren t in that the net w ork need not b e prepro cessed as in time expansion and

thereb y o�ering man y p ossibilities for impro v emen t in memory requiremen ts. The

details of the searc h no de expansion are discussed in Section 3.4.1.
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4.1.3. F ormulation of the Evacuation Pr oblem as an A* Se ar ch

The searc h space consists of di�eren t states of the ev acuation net w ork. Eac h state

is the snapshot of the net w ork at eac h instan t of time. The start no de of the searc h

tree w ould b e the initial state of the ev acuation net w ork at the start of ev acuation.

The goal no de w ould b e the state of the net w ork when there are o ccupan ts only at

the destination no des.

4

3

1

2

2,1

2,2 2,1

2,1

4

3

1

2

2,1

2,2 2,1

2,1

[2] [2]

b. Start Node of the Search Tree c. Goal Node of the Search Treea. An Evacuation Network

1

2

2,1

2,2 2,1

2,1

4

3

Fig. 7. Illustration of a Start No de and Goal No de in an Ev acuation Net w ork

Figure 7 illustrates the form ulation for an ev acuation net w ork with four no des

(sho wn in the �rst �gure) as a searc h problem. The n um b er in square brac k ets in

Figure 7b and c adjacen t to a no de indicates the no de o ccupancy . No de 1 is the

source no de and no de 4 is the destination no de. The source no de has an o ccupancy

of 4. Figure 7b sho ws the start no de of the searc h tree, whic h represen ts the initial

state of the net w ork when all ev acuees are at the source no de (no de 1). Figure 7c

sho ws the goal no de of the searc h tree, whic h represen ts the state where all ev acuees

are at the destination no de (no de 4).

Searc h-No de Expansion in the Searc h T ree

Giv en the o ccupancy (n um b er of p eople at the no de) of the source no de and the

capacit y constrain ts of the outgoing edges of the no de, all p ossible feasible com bi-

nations are generated. This is form ulated as follo ws.

P

i

x

i

� min ( N ;

P

C

i

), sub ject to the constrain ts 0 � x

i

� C

i

; i = 1 ; ::; n ,

where n is the out-degree of the no de, N is the no de o ccupancy , and C

i

is the

capacit y of the i

th

outgoing edge.

Eac h searc h tree no de with nonzero o ccupancy th us has

Q

i

C

i

, c hild no des, eac h

corresp onding to one of the p ossible com binations that are generated. Eac h step in

the expansion w ould corresp ond to adv ancing in time b y one unit.

An example has b een included to illustrate searc h no de expansion (See Figure

8). The �rst lev el of the searc h tree (T=0) sho ws the initial state of the ev acuation

net w ork. The source no de is no de 1 and the destination no de is no de 4. The n um b er

in square brac k ets indicates the n um b er of p eople at an y no de or at an edge. The

net w ork in the initial state forms the start no de of the searc h tree. Giv en the
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o ccupancy at eac h no de (except the destination no des) and capacit y constrain ts of

outgoing edges of the no des, all feasible com binations are generated. F or example,

for no de 1, whic h has t w o p ersons, the feasible groups that can tra v el along the t w o

outgoing edges are (2 ; 0), (0 ; 2), (1 ; 0), (0 ; 1), (1 ; 1). There are �v e c hild no des for

the start no de of the searc h tree, eac h represen ting the state of the net w ork after

one time unit, corresp onding to eac h of these �v e p ossible com binations.

T able 5. A* algorithm : Ev acuation Plan

Group ID No. of Source Route Dest.

Group ID Ev acuees Source Route Time

A 2 No de 1 No de 1(T0)-No de 2(T1)-No de 4(T2) 2

1

2,1

2,2

2,1

2,1

2

3

4

1

2,1

2,2

2,1

2,1

2

3

4 1

2,1

2,2

2,1

2,1

2

3

4 1

2,1

2,2

2,1

2,1

2

3

4 1

2,1

2,2

2,1

2,1

2

3

4 1

2,1

2,2

2,1

2,1

2

3

4

1

2,1

2,2

2,1

2,1

2

3

4 1

2,1

2,2

2,1

2,1

2

3

4

Node:[Occupancy]
Edge:(Capacity,Travel Time)
Source: Node 1
Destination: Node 4

[2]

[2]

[2]

[1]

[1]

[1]

[1]

[1]

[1]

[2] [1]

f=g+h=0+2=2

f=g+h=1+2=3 f=g+h=1+1=2 f=g+h=1+2=3 f=g+h=1+2=3 f=g+h=1+2=3

[1]

f=g+h=2+0=2 f=g+h=2+1=3

T=2

T=0

T=1

Initial State

Goal State

Fig. 8. Searc h T ree No de Expansion

T able 5 sho ws the ev acuation plan for the small example net w ork sho wn in Fig-

ure 7.

Prop osed Heuristic F unction
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The ev aluation function f ( n ) of a searc h no de n is form ulated as f ( n ) = g ( n ) + h ( n ).

g ( n ) is the actual cost to reac h the searc h no de n from the start no de, whic h is the

time tak en to reac h the curren t state from the start state. With the no de expansion

metho d used here, g ( n ) w ould b e the depth of the no de n , since ev ery expansion

adv ances the ev acuation net w ork b y one time unit. h ( n ) is the estimated cost from

the no de n to a goal no de. W e prop ose h ( n ) to b e the maxim um o v er all groups

of the time tak en to reac h the closest destination no de with capacit y constrain ts

ignored.

The g and h v alues for eac h searc h no de are sho wn in the �gure. The no de with the

least v alue of f = g + h is expanded. In this example, the goal state is reac hed at

the third lev el of the searc h tree, when all ev acuees are at the destination no de.

W e can trace the ev acuation plan b y tracing the searc h tree up w ards from the goal

no de to the start no de.

Lemma 1. The pr op ose d h function is admissible.

Pr o of : The h function clearly underestimates the time required b y the group

to reac h the destination b ecause the group that requires the largest time to reac h

the destination no de de�nitely needs to mo v e to a destination no de to reac h a goal

state. Here, w e consider the nearest destination and also ignore the constrain ts on

the arcs. Bringing in the capacit y constrain ts can only add to the ev acuation time.

Hence, h is clearly admissible.

Lemma 2. The pr op ose d h function is monotone.

Pr o of : T o pro v e monotonicit y of the heuristic h ( n ), w e need to pro v e that

h ( n ) + c ( m; n ) � h ( m )

where no de n is a c hild of no de m , and c ( m; n ) is the cost of the arc from m to n .

W e call this inequalit y "triangle inequalit y" in the rest of the pro of.

W e de�ne h ( n ) as the longest tra v el time tak en b y a group to reac h the closest

destination when all the groups tra v el along the shortest paths, ignoring all capacit y

constrain ts.

W e pro v e the triangle inequalit y b y considering the groups g

i

and g

j

whose shortest

tra v el times to the destination are the longest o v er all groups in searc h no des m and

n and hence are the v alues of the h function at these searc h no des. W e pro v e the

inequalit y for the follo wing cases whic h exhaust all the p ossibilities that can arise

in an ev acuation scenario.

Case 1. g

i

is the same as g

j

Case 1a. g

i

sta ys at the same net w ork no de in b oth searc h no des m and n .

Case 1b. g

i

mo v es through one time unit in the no de expansion.

Case 2. g

i

is not the same as g

j

Case 2a. g

i

and g

j

sta y at the same net w ork no de.

Case 2b. g

i

sta ys at the same net w ork no de, but g

j

mo v es.

Case 2c. g

i

mo v es , but g

j

sta ys at the same net w ork no de.
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Case 2d. g

i

and g

j

mo v e b y one time unit.

The h v alues sho wn in the searc h tree (Figure 8) clearly illustrate that h is

admissible and monotone. It can b e observ ed that the h function nev er o v erestimates

the time required to reac h the goal no de from an y searc h no de. Also, the h v alue of

ev ery no de and that of its paren t no de do satisfy the triangle inequalit y .

Lemma 3. The A* b ase d evacuation algorithm �nds an optimal solution.

Pr o of : Whenev er h ( n ) used in the A* searc h is admissible, the A* algorithm

returns an optimal solution. As stated in Lemma 1, h ( n ) is admissible and hence

the solution is optimal.

Lemma 4. The pr op ose d A* algorithm p erforms an optimal se ar ch.

Pr o of : An A* algorithm guided b y a monotonic heuristic �nds optimal paths to

all expanded no des. This ensures that an A* searc h w ould nev er reop en a closed

no de and hence the searc h is optimal. The heuristic function h ( n ) used in the

algorithm is monotone (Lemma 2); the searc h is optimal.

4.1.4. Exp erimental Evaluation

The exp erimen tal ev aluation for this A* searc h algorithm needs to answ er the fol-

lo wing questions: (1) Do es the A* algorithm pro duce optimal ev acuation plans? (2)

Do es the curren t implemen tation of the A* algorithm need p erformance tuning? (3)

Ho w do es the memory usage of the A* algorithm compare with other algorithms?

Do w e need new data structures to reduce the memory used b y the A* algorithm?

W e implemen ted the A* searc h algorithm and conducted exp erimen ts as follo ws.

First, w e generated an ev acuation net w ork using NETGEN [26] and con v erted it to a

time-expanded net w ork. Then, the ev acuation net w ork w as fed to the A* algorithm

and the time-expanded net w ork w as fed to NETFLO [23], whic h is an LP based

minim um cost 
o w solv er. Finally , w e compared the results from the t w o algorithms.

F or question (1) exp erimen ts on all net w ork con�gurations sho w that, in eac h

of the test cases, the A* algorithm pro duces an ev acuation plan with the same

ev acuation time as that of NETFLO. This sho ws that the A* algorithm can pro duce

an ev acuation plan that is as optimal as that pro duced b y the LP based approac h.

F or question (2), w e v aried the net w ork size from 10 no des to 40 no des. Figure 9

sho ws the algorithm run-time of the A* algorithm and NETFLO. It can b e seen

that the curren t implemen tation of the A* algorithm pro duces higher run-time than

that of NETFLO. It sho ws that further p erformance tuning is needed to impro v e

the p erformance of the A* implemen tation. F or question (3), exp erimen t results

sho w that the curren t implemen tation of A* requires high memory usage b ecause

w e w ere unable to conduct exp erimen ts with more than 50 no des due to memory

constrain ts.
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Fig. 9. P erformance of A* and NETFLO with resp ect to Net w ork size

4.1.5. Discussion

The curren t implemen tation of the A* algorithm su�ers from p o or scalabilit y . In

the future, w e plan to conduct a detailed analysis of the cost mo del of the memory

usage as part of our w ork to explore new data structures that ma y b e used to

reduce memory usage of the algorithm. Another p ossible area of impro v emen t could

b e the searc h no de expansion; the p erformance of the algorithm could p oten tially

impro v e if expansion can mak e use of an e�ectiv e pruning tec hnique. There is also

a p ossibilit y of reducing the memory requiremen t b y main taining only the curren t

no de of in terest (one with minim um cost) and discarding the rest, since the heuristic

used is monotone. Algorithmic options to e�cien tly compute the heuristic also need

to b e studied. The heuristic h ( n ) is the largest, shortest path distance b et w een

the source-destination pairs, whic h is a "max-min" computation. Algorithms that

are computationally less exp ensiv e to compute this w ould de�nitely impro v e the

p erformance of the A* algorithm.

4.2. Pr op ose d Heuristic Appr o ach

The p erformance ev aluation of the A* algorithm prop osed in the previous section

raises some questions ab out its scalabilit y to metro-sized net w orks. W e do not exp ect

an y drastic c hange in scalabilit y unless w e can form ulate another heuristic whic h

w ould require less computation and memory . The urgen t need for high qualit y ,

scalable solutions in ev acuation route planning is th us the motiv ation b ehind the

exploration of heuristic metho ds in ev acuation. This section discusses in detail the

CCRP algorithms, whic h ha v e demonstrated v ery high scalabilit y .

4.2.1. A lgorithm F r amework

The algorithm discussed in this section uses a heuristic metho d to solv e the ev ac-

uation route planning problem. The basic idea b ehind the heuristic is to send the

largest p ossible n um b er of ev acuees on the shortest route to the nearest destina-

tion. Though the metho d relies on shortest path algorithms to accomplish this, it
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con tributes considerably in terms of extension of these algorithms to accoun t for

the capacit y constrain ts encoun tered in real w orld ev acuation net w orks. Though

the algorithm do es not alw a ys yield an optimal solution (with minim um ev acuation

time), the scalabilit y and time complexit y of this metho d sho w drastic impro v emen t

o v er the optimal metho ds.

4.2.2. R epr esentation of the T emp or al Network

In this represen tation, the edge capacit y and no de capacit y are mo deled as a time

series instead of �xed n um b ers. This time series stores the a v ailable capacit y at eac h

time instan t for a giv en edge or no de. The next section discusses a heuristic approac h

whic h uses this represen tation to extend the shortest path algorithms [14 ; 12] to

accoun t for capacit y constrain ts of the net w ork.

The time series represen tation of no de and edge capacities of the net w ork sho wn in

Figure 6 is sho wn in T ables 3 and 4.

4.2.3. Heuristic Appr o ach - CCRP A lgorithms

In this section, w e presen t a generic description of the Capacit y Constrained Route

Planner, namely CCRP . CCRP is a heuristic algorithm whic h is based on an exten-

sion of shortest path algorithms [14 ; 12] to accoun t for capacit y constrain ts of the

net w ork.

The CCRP algorithm uses an iterativ e approac h. In eac h iteration, the algorithm

�rst searc hes for route R with the earliest destination arriv al time from an y source

no de to an y destination no de, taking previous reserv ations and p ossible w aiting

time in to consideration. Next, it computes the actual n um b er of ev acuees that will

tra v el through route R . This n um b er is a�ected b y the a v ailable capacit y of route R

and the remaining n um b er of ev acuees. Then, it reserv es the no de and edge capacit y

on route R for those ev acuees. The algorithm con tin ues to iterate un til all ev acuees

reac h the destination. An outline of the algorithm is sho wn in Algorithm 1. The

detailed pseudo-co de and algorithm description are giv en in App endix 1.

The CCRP algorithm k eeps iterating as long as there are still ev acuees left at an y

source no de (line 1). Eac h iteration starts b y �nding the route R with the earliest

destination arriv al time from an y source no de to an y destination no de based on the

curren t a v ailable capacities (line 2). This is done b y generalizing Dijkstra's shortest

path algorithm [14 ; 12] to w ork with the time series no de and edge capacities and

edge tra v el time. Route R is the route that starts from a source no de and gets to

a destination no de in the least amoun t of time, and a v ailable capacit y of the route

allo ws at least one p erson to tra v el through route R to a destination no de. Giv en

the ev acuation net w ork in Figure 4, the example execution trace of CCRP is as

follo ws:

Example 3. (CCRP Execution T race) A t the very �rst iter ation, r oute R wil l

b e N8-N10-N13. Evacue es fr om sour c e no de N8 c an take this r oute to r e ach desti-
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Algorithm 1 Capacit y Constrained Route Planner (CCRP)

Input:

1) G ( N ; E ) : a graph G with a set of nodes N and a set of edges E ;

define type nn non-negative integer

Each node n 2 N has two properties:

M aximum N ode C apacity ( n ) , I nitial N ode O ccupancy ( n ) : nn

Each edge e 2 E has two properties:

M aximum E dg e C apacity ( e ) , T r av el time ( e ) : nn

2) s : set of source nodes, S � N ;

3) D : set of destination nodes, D � N ;

Output:

Evacuation plan : Routes with schedules of evacuees on each route

Method:

while any source node s 2 S has evacuee do f

closest pair shortest path();

compute flow();

/* k is the number of nodes on the shortest path */

for i = 0 to k � 1 do f

reserve flow();

g

g

Output evacuation plan with routes and schedules of evacuees on each route;

nation N13 at time 4 using the time sche dule N8(T0)-N10(T3)-N13. A t algorithm

line 3, the actual numb er of evacue es that wil l tr avel thr ough r oute R is determine d

by taking the smal lest numb er among the numb er of evacue es at the sour c e no de and

the available c ap acities of e ach no de and e dge on r oute R b ase d on the time sche dule

that evacue es wil l tr avel thr ough e ach no de and e dge. Thus, at the �rst iter ation,

this 
ow amount of R wil l b e 6, which is the available e dge c ap acity of e dge N8-N10

at time 0.

The next step is to r eserve c ap acities for the evacue es on e ach no de and e dge of

r oute R b ase d on the time sche dule(lines 4-7). A t the �rst iter ation, the algorithm

makes a r eservation for the 6 evacue es by r e ducing the available c ap acity of e ach

no de and e dge at c orr esp onding time p oints. This me ans that available c ap acities

ar e r e duc e d by 6 for e dge N8-N10 at time 0, for no de N10 at time 3, and for e dge

N10-N13 at time 3. The 6 evacue es arrive at destination N13 at time 4. Then, the

algorithm go es b ack to line 1 for the next iter ation(line 8). The iter ation terminates

when the o c cup ancy of al l sour c e no des is r e duc e d to zer o, which me ans al l evacue es

have b e en sent to destination no des. Line 9 outputs the evacuation plan, as shown

in T able 1.
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T able 6 summarizes the execution trace of the algorithm. Eac h column in the

table sho ws the p osition of a group at v arious instan ts of time. F or example, the

third column traces group A ; the initial p osition is in No de N8; at time instan t 1,

the group is on the edge from no de N8 to no de N10. A t the next time instan t it

mo v es b y one unit, but still remains on the edge N8-N10 since the tra v el time of

this edge is 3. The group is on the same edge at the next time instan t as sho wn in

the table and reac hes destination no de N10 at time instan t 3. The group is on edge

N10-N13 during the next time p erio d and reac hes destination no de N13 at time

instan t 4.

T able 6. Illustration of the Algorithm T race. Edges are represen ted in terms of their end no des

( i � j represen ts the edge from no de i to no de j ).

Time Lo cation of Group of Ev acuees at eac h Time Instan t

A B C D E F G H I

0 N8 N8 N8 N1 N1 N1 N2 N2 N1

1 N8-N10 N8 N8-N11 N3 N3 N3 N3 N3 N1

2 N8-N10 N8-N10 N8-N11 N3-N4 N3 N3-N5 N3-N5 N3 N3

3 N10 N8-N10 N11 N3-N4 N3-N4 N3-N5 N3-N5 N3 N3-N5

4 N13 N10 N11-N14 N4 N3-N4 N5 N5 N3-N4 N3-N5

5 " N13 14 N4-N6 N4 N5-N7 N5-N7 N3-N4 N5

6 " " " N4-N6 N4-N6 N5-N7 N5-N7 N4 N5-N7

7 " " " N4-N6 N4-N6 N5-N7 N5-N7 N4-N6 N5-N7

8 " " " N6 N4-N6 N7 N7 N4-N6 N5-N7

9 " " " N6-N10 N6 N7-N11 N7-N11 N4-N6 N7

10 " " " N6-N10 N6-N10 N7-N11 N7-N11 N6 N7-N11

11 " " " N6-N10 N6-N10 N7-N11 N7-N11 N6-N10 N7-N11

12 " " " N6-N10 N6-N10 N7-N11 N7-N11 N6-N10 N7-N11

13 " " " N10 N6-N10 N11 N11 N6-N10 N7-N11

14 " " " N13 N10 N11-N14 N11-N14 N6-N10 N11

15 " " " " N13 N14 N14 N10 N11-N14

16 " " " " " " " N13 N14

4.2.4. Design De cisions in the CCRP A lgorithm

The CCRP algorithm uses shortest path computation as one of its k ey steps to

generate the ev acuation plan. This section ev aluates the c hoices that are a v ailable

in the con text of this computation. Figure 10 illustrates the design space; it sho ws

in detail the options that are a v ailable at eac h decision step.

Choice of Algorithm to Iden tify Closest Source-Destination P air

The p erformance of the heuristic algorithm dep ends hea vily on the e�ciency in

computing the shortest paths from source no des to destination no des. The run time

increases in prop ortion to the n um b er of runs of the algorithm. The curren t v ersion

of the algorithm mak es a ma jor impro v emen t in this asp ect. Ma jor impro v emen ts

lie in the algorithm used to �nd the quic k est route b et w een the closest source-

destination pair. In CCRP 05, �nding the quic k est route R is done b y running

generalized shortest path searc hes from eac h source no de. Eac h searc h is termi-

nated when an y destination no de is reac hed. In CCRP , this step is impro v ed b y

adding a sup er source no de s

0

to the net w ork and connecting s

0

to all source no des.

This allo ws us to complete the searc h for route R b y using only one single general-
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Fig. 10. Characterization of the Design Space of the CCRP Algorithm

ized shortest path searc h, whic h tak es the sup er source s

0

as the start no de. This

searc h terminates when an y destination no de is reac hed. Since the sup er source s

0

is connected to eac h source no des b y an edge with in�nite capacit y and zero tra v el

time, it can b e easily pro v ed that the shortest route found b y this searc h is the

route R that w e need. This impro v emen t signi�can tly reduces the computational

cost of the algorithm b y one degree of magnitude compared with CCRP 05.

Algorithms Used in the Shortest P ath Computation

The most computationally in tense task in the CCRP algorithms is the computation

of the shortest path from a source to destinations. The p erformance of the CCRP

algorithm dep ends signi�can tly on the shortest path algorithm used. Although a

n um b er of ev aluations of the existing shortest path algorithms are a v ailable, there

is no clear answ er as to whic h algorithm w ould p erform the b est in the setting of a

m ulti-stage ev acuation.

In this section w e explore a set of shortest path algorithms that b elong to the

groups of lab el setting and lab el correcting algorithms and try to ev aluate them in

the con text of ev acuation route planning. These t w o t yp es of algorithms di�er in

the criteria used in the selection of no des for scanning. This leads to a di�erence in

the w a ys they up date the estimate of the shortest path distance(lab el) asso ciated

with eac h no de and in the w a ys in whic h they con v erge to the optimal shortest path

distance.
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(1) Lab el setting Algorithms: In lab el setting algorithms, ev ery no de is

p ermanen tly lab eled when it is scanned, whereas in a lab el correcting algo-

rithm, the estimates of shortest path distances are mo di�ed(corrected) un til

they con v erge to the optimal shortest path distances. Since a lab el setting

algorithm terminates as so on as the destination no de is reac hed, these algo-

rithms are de�nitely suitable in scenarios where w e w e need to compute the

shortest path from a source to a single destination. Dijkstra's algorithm is

the most widely used algorithm in this category . This pap er ev aluates the

p erformance of the ev acuation route planning algorithm when Dijkstra's

algorithm is used to compute the shortest path. Since this algorithm se-

lects the no de with the shortest distance estimate as the next no de to b e

scanned, the algorithm p erforms w ell when the destination no de is "close"

to the source no de. This mak es it a go o d candidate in the �rst stages of

ev acuation where the destinations (holding areas) are comparativ ely closer

to the source no des.

(2) Lab el correcting Algorithms: In a lab el correcting algorithm, the no de

pic k ed for scanning is not alw a ys the no de with the minim um lab el. The

p erformance of algorithms that fall under this category di�ers b ecause of

the heuristic used to pic k the next no de to b e scanned and the data struc-

ture used to main tain the set of lab eled no des. These algorithms, when

implemen ted with suitable data structures can outp erform Dijkstra's im-

plemen tations when the destination no des are "far a w a y" from the source

no des.

It is clear from the discussion that the p erformance of the algorithm dep ends on

the n um b er of destination no des in the problem form ulation and the length of the

shortest path from the source to the destination relativ e to the longest, shortest

path in the net w ork. In the later stages of ev acuation, the destinations are at a sig-

ni�can t distances from the source no des. Also, since w e do not alw a ys kno w these

parameters in adv ance ev en in the initial stages, algorithms from these groups need

to b e ev aluated in the con text of the CCRP algorithms.

Data Structures Used in the Shortest P ath Computation

Here w e describ e t w o di�eren t v ersions of Dijkstra's algorithm and the t w o-Q v er-

sion of a lab el correcting algorithm. These algorithms are rep orted [38] to giv e the

b est p erformance among all shortest path algorithms on road net w orks. They di�er

in the data structures used to main tain the set of lab eled no des.

(1) Double buc k et implemen tation of Dijkstra's algorithm: This algo-

rithm is a mo di�ed v ersion of Dial's implemen tation. Instead of main taining

buc k ets for eac h v alue of the lab el, a buc k et i con tains no des with lab els
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in the range [ i � ; ( i + 1)� � 1], where � is a �xed parameter. No des in a

buc k et are pro cessed in the FIF O order. The implemen tation has t w o t yp es

of buc k ets, high lev el and lo w lev el. The n um b er of lo w lev el buc k ets is

� and a high lev el buc k et i con tains no des with lab els [ i � ; ( i + 1)� � 1]

with the exception of the non-empt y high lev el buc k et with the smallest

index L . No des with lab els [ L � ; ( L + 1)� � 1] are in the lo w lev el buc k et

d ( v ) � L �. After all the no des in the lo w lev el buc k ets are scanned, L in-

creases. If the corresp onding high lev el buc k et is not empt y , its no des are

distributed in to � lo w er lev el buc k ets. The complexit y of the algorithm is

O ( m + n (� + C = �)). It can b e observ ed that eac h no de is scanned just

once if arc lengths are non-negativ e, whic h is the case for road net w orks

used in ev acuation route planning.

Since the CCRP algorithms use the shortest path algorithm to �nd the

shortest path from a single source to a single destination, there is a lik eli-

ho o d that the double buc k et implemen tation w ould outp erform an y lab el

setting algorithm since it can terminate as so on as the destination no de

is reac hed. The di�erence in the running times of v arious implemen tations

of the lab el setting algorithms is due to the di�erence in the computation

in v olv ed in selecting a lab eled no de with the minim um lab el. In con trast

to dense graphs, where this computation is small compared to the w ork

in v olv ed in no de scans, the selection pro cess w ould b e a signi�can t part

in sparse graphs. Buc k et implemen tations app ear to b e c heap er than heap

implemen tations since heap op erations are exp ensiv e unless the n um b er

of no des in the heap is small. Among the buc k et implemen tations, double

buc k et implemen tation is preferred since it uses less memory than Dial's

implemen tation. Road net w orks are generally sparse ( m � 4 n ) and hence

the buc k et implemen tation of the algorithm w ould b e e�cien t .

(2) Dijkstra's algorithm using Fib onacci heaps: The reason b ehind the

c hoice of this algorithm as a candidate is its b est w orst-case complexit y .

The asymptotic complexit y of the algorithm is O ( m + nl og n ).

(3) Tw o-Q Algorithm: In the �rst lab el correcting algorithm (Bellman-F ord-

Mo ore Algorithm), the lab eled no des are main tained as a FIF O queue. The

no de to b e scanned is remo v ed from the head, and no des as they are lab eled

are added to the tail of the queue. It can b e easily observ ed that if w e pic k

a no de v from the set of lab eled no des and if the paren t of v , u , is in the

queue, the scan of v at this p oin t is useless b ecause w e kno w that the lab el

of v w ould further decrease when u is scanned. This observ ation led to the

mo di�cation whic h uses t w o FIF O queues Q 1 and Q 2 to main tain the set

of lab eled no des. In this algorithm, the set of lab eled no des are partitioned

in to t w o subsets implemen ted using Q 1 and Q 2. Q 1 con tains all lab eled

no des that ha v e b een scanned at least once and Q 2 con tains those whic h

ha v e nev er b een scanned. The no de to b e scanned is remo v ed from Q 1 if
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it is not empt y and from Q 2, otherwise. The algorithm runs in O ( n

2

m ) in

the w orst case.

Despite the w orse asymptotic p erformance of the Tw o-Q algorithm, it has the p o-

ten tial of p erforming b etter if the destination no de is su�cien tly far a w a y from a

giv en source no de. The Tw o-Q algorithm is a go o d c hoice as a candidate algorithm

since at eac h iteration of the CCRP algorithms w e do not ha v e the prior kno wledge

ab out the shortest path distance from the(sup er)source to a destination no de rela-

tiv e to the longest shortest path distance in a shortest path tree ro oted at the source

no de. But, it m ust b e noted that in some iterations, w e w ould ha v e cases where the

shortest path distance from the source to the destination is a small fraction of the

longest shortest path distance in the shortest path tree. This prompts the c hoice

of Dijkstra's algorithm in addition to the lab el correcting algorithm. Also, since

the CCRP algorithm computes the shortest path from a single source to m ultiple

destinations, the relativ e p erformance of the shortest path algorithms can dep end

on the n um b er of destination no des relativ e to the total n um b er of no des. The lab el

correcting metho ds ma y ha v e an edge o v er the lab el setting metho ds in scenarios

where the n um b er of destinations is a signi�can t fraction of the total n um b er of

no des.

5. Analytical Ev aluation of the Design

In this section, w e giv e an analytical ev aluation of the di�eren t options a v ailable for

eac h of the design decisions of the CCRP algorithm. Eac h subsection ev aluates the

options for one CCRP design decision as discussed in Section 3.

5.1. Heuristic vs Optimal A lgorithms

Here, w e compare the computational cost of optimal algorithms and heuristic algo-

rithms b y pro viding analytical ev aluation of b oth metho ds.

Optimal metho ds using Linear Programming :

The computational cost of the LP approac h dep ends on the metho d used to solv e

the minim um cost 
o w problem. Hopp e and T ardos [20] sho w ed that this prob-

lem can b e solv ed using the ellipsoid metho d, whic h is theoretically p olynomial

time b ounded. Ho w ev er, the computational complexit y of the ellipsoid metho d is

at least O ( N

6

)[7](where N is the n um b er of no des in the net w ork). Since the LP

approac h requires a time-expanded net w ork, in whic h N equals ( T + 1) n (where n is

the n um b er of no des in the original ev acuation net w ork and T is the user-pro vided

ev acuation time upp er b ound), the optimal algorithm using LP based runs in at

least O (( T � n )

6

) time.

Heuristic Metho d :

W e no w pro vide the algebraic cost mo del for the computational cost of the heuristic
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algorithm presen ted in Lu, George, and Shekhar [27] . The CCRP algorithm is an

iterativ e approac h. In eac h iteration, the route for one group of p eople is c hosen and

the capacities along the route are reserv ed. The total n um b er of iterations equals

the n um b er of groups generated. In the w orst case, eac h individual ev acuee forms

one group. Therefore, the upp er b ound of the n um b er of groups is p , i.e. the n um b er

of iterations is O ( p ). In eac h iteration, the computation of the route R with earliest

destination arriv al time is done b y running one generalized Dijkstra's shortest path

searc h. The w orst case computational complexit y of Dijkstra's algorithm is O ( n

2

)

for dense graphs [12]. V arious implemen tations of Dijkstra's algorithm ha v e b een

dev elop ed and ev aluated extensiv ely [4 ; 11 ; 38]. Man y of these implemen tations can

reduce the computational cost b y taking adv an tage of the sparsit y of the graph.

T ransp ortation road net w orks are v ery sparse graphs at ev ery stage of the ev acuation

pro cess with a t ypical edge/no de ratio around 3. In this pap er, w e implemen t the

shortest path searc h in the CCRP algorithm using Dijkstra's algorithm with double

buc k et data structures, whic h runs in O ( m + n (� + C = �)) time [11], where � is the

buc k et size and C is the maxim um edge w eigh t. In our implemen tation, � is set to

the biggest p o w er of t w o that is less than

p

C [11] . The time complexit y is hence

O ( m + 2 C n ). The generalization of Dijkstra's algorithm to accoun t for capacit y

constrain ts a�ects only ho w the shortest distance to eac h no de is de�ned. It do es

not a�ect the computational complexit y of the algorithm. Therefore, the searc h for

route R in CCRP tak es O ( m + 2 C n ) time. The reserv ation step is done b y up dating

the no de and edge capacities along route R , whic h has a cost of O ( n ). Eac h iteration

of the CCRP algorithm is done in O ( m + 2 C n ) time. It tak es O ( p ) iterations to

complete the algorithm. The cost mo del of the algorithm is O ( p � ( m + 2 C n )). The

LP based approac h pro duces optimal solutions but su�ers from high computational

cost. A heuristic metho d reduces the computation cost though it pro duces a sub-

optimal solution.

Lemma 5. CCRP is asymptotic al ly faster than LP b ase d algorithm when p <

T

6

3+2 C

n

5

.

Pr o of : The cost mo del for CCRP is in O ( p � ( m + 2 C n )). T ransp ortation road

net w orks are v ery sparse graphs with a t ypical edge/no de of less than 3, i.e. m �

3 n . This means CCRP 06 runs in O ( p � (3 + 2 C ) n ) time on road net w orks. The

optimal algorithm using LP runs in at least O (( T � n )

6

) time. Therefore, CCRP

is asymptotically faster than LP algorithm when p <

T

6

3+2 C

n

5

. This condition is

almost alw a ys true in a real ev acuation scenario, in whic h n (n um b er of no des in

the net w ork) ranges from h undreds to millions and T (upp er-b ound on ev acuation

time) can b e h undreds of min utes.
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5.2. T emp or al Network F r amework - Time Exp ande d Network vs

Time Series R epr esentation

Another design decision is to c ho ose a framew ork to represen t the temp oral net-

w ork. The t w o a v ailable c hoices are time expansion and time series represen tation.

In this section, w e compare the t w o temp oral net w ork framew orks b y pro viding an

analytical ev aluation of the memory requiremen ts.

Time Expanded Net w ork :

Let G b e the original graph that represen ts the ev acuation net w ork.

The size of the time expanded net w ork G

T

= ( N

T

; A

T

) w ould b e as follo ws:

Num b er of no des j N

T

j = ( T + 1) n , where n is the n um b er of no des in the original

net w ork.

Num b er of edges j A

T

j = T ( m + d ), where m is the n um b er of edges in G , and d is

the n um b er of destination no des.

According to the analysis in [25], the minim um memory requiremen t (n um b er of

b ytes) for the time expanded net w ork is at least (52 + 36 T ) n + (20 + 12 T ) m . Since

T is alw a ys a large n um b er (at least h undreds) in real ev acuation scenarios, it can

b e simpli�ed as T (36 n + 12 m ).

Time Series Represen tation :

Let graph G b e the ev acuation net w ork, n the n um b er of no des in G , and m the

n um b er of edges in G . Instead of the time expanded net w ork G

T

used in time

expansion, the time series represen tation used b y the CCRP algorithm needs to

w ork only with the original net w ork G . CCRP needs data structures to store a

net w ork with n no de and m edges. In our implemen tation, the n um b er of b ytes

used to store the net w ork is 8 n + 12 m .

In addition, the time series represen tation incorp orates capacit y constrain ts b y

building a time series for eac h no de and eac h edge to k eep trac k of the a v ailable

no de capacit y and edge capacit y at eac h time instan t during the ev acuation. In our

implemen tation, the n um b er of b ytes used for the time series is 4 tn + 4 tm , where t

is the ev acuation egress time.

Therefore, the memory requiremen t (n um b er of b ytes) for the CCRP algorithm

is (8 + 4 t ) n + (12 + 4 t ) m . As T is alw a ys a large n um b er (at least h undreds) in real

ev acuation scenarios, w e can simplify it as 4 t ( n + m ).

Lemma 6. The time series r epr esentation use d in CCRP r e quir es less memory

than the time exp ande d network use d in LP algorithm if t < 3 T .

Pr o of : The n um b er of b ytes required b y the time expanded net w ork and time

series represen tation is T (36 n + 12 m ) and 4 t ( n + m ). Therefore, the time series

represen tation used in CCRP requires less memory than the time expanded net w ork

used in the LP algorithm if t < 3 T . Our exp erimen ts sho w that ev acuation time t

pro duced b y the CCRP algorithm is within ten p ercen t of the optimal ev acuation
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T able 7. Comparison of Computational Costs ( n : n um b er of no des, p : n um b er of ev acuees, T :

user-pro vided upp er-b ound on ev acuation time, C : maxim um edge w eigh t)

Algorithm Computational Cost

CCRP O ( p � ( m + 2 C n ))

CCRP 05 O ( p � n

2

l og n )

Linear Programming Approac h at least O (( T � n )

6

)

time (see details in Section 6.1.3), whic h means t is within �v e p ercen t larger than

T . Therefore, the condition is almost alw a ys true.

5.3. Choic e of A lgorithm to Identify Closest Sour c e-Destination

Pair

The most critical step in the heuristic algorithm presen ted in Section 4.2 is the com-

putation of the shortest paths b et w een all source-destination pairs. This step is k ey

in determining the route eac h group w ould b e assigned to minimize the ev acuation

time. Since there are v arious w a ys to form ulate the "closest pair problem", there is

a need to ev aluate the p erformance with resp ect to the c hoices listed in Section 2.4.

T able 7 pro vides a comparison of the LP based approac h and the heuristic

algorithm with k shortest path computations and single shortest path computation.

CCRP 05 is the v ersion of the heuristic algorithm whic h runs the shortest path

algorithm m ultiple times and CCRP runs the shortest path algorithm just once in

an iteration. As can b e seen, the linear programming approac h pro duces optimal

solutions but su�ers from high computational cost. Both v ersions of the heuristic

algorithm reduce the computation cost.

Lemma 7. CCRP is strictly faster than CCRP 05.

Pr o of : CCRP runs in O ( p � ( m + 2 C n )) time and CCRP 05 runs in O ( p � n

2

l og n )

time. T ransp ortation net w orks are sparse and the n um b er of edges( m ) is generally

a linear factor of the n um b er of no des( n ) (usually m � 3 n ). Therefore, it is easy to

see that CCRP is strictly faster than CCRP 05.

5.4. Shortest Path A lgorithms/Data Structur es

V aluable insigh t in to the p erformance of the candidate algorithms is pro vided b y

T able 8, whic h lists the asymptotic complexities of the algorithms when used in con-

junction with v arious data structures. The implemen tations of Dijkstra's algorithm

using v arious data structures ha v e the b est asymptotic complexities. In the double

buc k et implemen tation of the algorithm, if the buc k et size (�) is set to the biggest

p o w er of t w o less than

p

C , where C is the maxim um edge w eigh t, the time com-

plexit y of this implemen tation w ould b e O ( m + 2 C n ). In a transp ortation net w ork,

since the edge w eigh t represen ts the tra v el time, C is small (of the order of tens
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T able 8. Asymptotic Complexities ( n : n um b er of no des, m : n um b er of edges, �: buc k et size, C :

maxim um edge w eigh t)

Algorithm Dijkstra- Dijkstra- Dijkstra- Tw o Q

binary- Fib onacci Double-

heap heap buc k et

Asymptotic O ( m log n ) O ( m + n log n ) O ( m + n (� + C = �)) O ( mn

2

)

Complexit y

of units). Since in a metrop olitan sized net w ork the factor n ln n w ould b e larger

than 2 C n , it can b e concluded that the double buc k et implemen tation of Dijkstra's

algorithm w ould p erform b etter compared to the other implemen tations. Despite

a w orse asymptotic p erformance compared to Dijkstra's algorithm, the Tw o Q al-

gorithm has the p oten tial of p erforming b etter if the closest destination no de is

su�cien tly far a w a y from the source no de [11]. Since the shortest path distance

is not kno wn in adv ance in a transp ortation net w ork, the Tw o Q algorithm also

quali�es as a candidate algorithm.

5.5. Solution Quality of CCRP

Since CCRP is a heuristic algorithm, it do es not pro duce optimal solutions for

all ev acuation scenarios. Exp erimen ts sho w that the ev acuation time pro duced b y

CCRP is sligh tly (within 10%) longer than the optimal ev acuation time in all test

cases (detailed results giv en in Section 6.1.3).

Ho w ev er, it can b e sho wn that, under certain conditions, CCRP can pro duce

optimal solution. W e de�ne the b ottlenec k capacit y of the ev acuation net w ork as the

n um b er of ev acuees whic h can tra v el sim ultaneously using shortest paths without

an y w ait during their en tire tra v el b et w een resp ectiv e source-destination pairs. F or

example, a trivial though v ery lo ose lo w er b ound on b ottlenec k capacit y is the

minim um of the maxim um edge capacit y and maxim um no de capacit y .

Lemma 8. CCRP pr o duc es an optimal solution if the numb er of evacue es is less

than or e qual to the b ottlene ck c ap acity of the network.

Pr o of : It is easy to see that when the total n um b er of ev acuees is no more

than the b ottlenec k capacit y of the net w ork, there will b e no w ait time for an y

ev acuees tra v eling along a route b ecause w aiting only o ccurs when the n um b er of

ev acuees needing to use a route is greater than the maxim um no de or edge capacit y

on this route. In this case, the ev acuees from eac h source can b e sen t through the

quic k est route to a destination without an y dela y on the route. This means that the

problem is reduced to �rst �nding the shortest path from eac h source no de to an y

destination no de and then sending all ev acuees from eac h source no de as one group

to a destination using the shortest path found. In this case, all the routes used are

the shortest path from eac h source to a destination and there is no dela y along the

routes. Therefore, the ev acuation plan found m ust b e the optimal plan.
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6. Exp erimen tal Ev aluation of the Implemen tation

Our p erformance ev aluation of CCRP design decisions consisted of the follo wing

tasks: 1) Compare the algorithm run-time and solution qualit y of the CCRP al-

gorithm and the LP based algorithm, 2) Compare t w o v ersions of the the CCRP

algorithms, namely CCRP with m ultiple shortest searc h (CCRP 05) and the curren t

v ersion with single shortest path searc h (CCRP) and 3) Compare the p erformance of

di�eren t implemen tations of CCRP using di�eren t shortest path searc h algorithms.

6.1. Comp arison of CCRP and Line ar Pr o gr amming Appr o ach

The purp ose of this section is to compare the p erformance of the heuristic CCRP

algorithm with that of the optimal LP based algorithm. The linear programming

soft w are used in this exp erimen t w as RelaxIV [6], whic h is widely considered as one

of the fastest minim um cost 
o w solv ers. The exp erimen t w as done b y comparing

the algorithm run-time of CCRP and RelaxIV using v arious net w ork con�gura-

tions. It should b e noted that the CCRP algorithm used in this exp erimen t w as

implemen ted with Dijkstra's shortest path algorithm using the double-buc k et data

structure. The reason for c ho osing Dijkstra's algorithm with double-buc k et is that

exp erimen ts sho w that it results in b est CCRP p erformance among a v ailable short-

est path algorithms. W e presen t a detailed analysis of this c hoice in Section 6.2.2.

6.1.1. Exp eriment Design

Fig. 11. Exp erimen t Design

Figure 11 illustrates the exp erimen t design to compare the p erformance of CCRP

and RelaxIV. First, NETGEN [26] w as used to generate ev acuation net w orks with

capacit y constrain ts and ev acuees. NETGEN is a soft w are that generates trans-

p ortation net w orks with capacit y constrain ts and initial supplies based on a set of
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input parameters. In our exp erimen ts, the follo wing four indep enden t parameters

w ere selected to test their impacts on the p erformance of the algorithms: 1) net-

w ork size represen ted b y n um b er of no des; 2) n um b er of ev acuees initially in the

net w ork; 3) n um b er of source no des; and 4) n um b er of destination no des. Num-

b er of edges is treated as a dep enden t parameter. W e set the n um b er of edges to

b e equal to 3 times the n um b er of no des b ecause the t ypical edge/no de ratio for

real transp ortation road net w orks is around 3. Next, the ev acuation net w ork gen-

erated b y NETGEN w as fed to the CCRP . Before feeding the net w ork to RelaxIV,

w e needed to use a net w ork con v erter to transform the ev acuation net w ork in to a

time-expanded net w ork, whic h is required b y minim um cost 
o w solv ers (suc h as

RelaxIV) to solv e ev acuation problems [18 ; 10]. This con v ersion requires an input

parameter T, whic h is an estimated upp er-b ound on the optimal ev acuation egress

time. If the ev acuation cannot b e completed b y time T, RelaxIV will return no so-

lution. In this case, T needs to b e increased to create a new time-expanded net w ork

and to run RelaxIV again un til a solution can b e reac hed. In the exp erimen ts, w e

a v oided under-estimation of T b y setting T equal to the egress time pro duced b y

CCRP . Since CCRP is a heuristic algorithm, its ev acuation egress time can b e used

as an upp er-b ound of the optimal solution. After CCRP and RelaxIV pro duced

solutions for eac h test case, the algorithm run-times w ere collected and analyzed in

the data analysis mo dule. This same exp erimen t design w as also used to ev aluate

the solution qualit y of CCRP; w e presen t those results and analysis in Section 6.1.3.

The exp erimen ts w ere conducted on a w orkstation with In tel P en tium 4 2.8GHz

CPU, 2GB RAM and Lin ux op erating system. Eac h exp erimen tal result rep orted in

the follo wing sections is the a v erage o v er 5 exp erimen t runs with net w orks generated

using the same input parameters.

6.1.2. Exp eriment R esults for A lgorithm R un-time

W e w an ted to answ er four questions: (1) Are the algorithms scalable to the size

of the net w ork, particularly will they handle large size transp ortation net w orks as

in urban ev acuation scenarios? (2) Ho w do es the n um b er of ev acuees a�ect the

p erformance of the algorithms? (3) Ho w do es the n um b er of source no des a�ect

the p erformance of the algorithms? (4) Ho w do es the n um b er of destination no des

a�ect the p erformance of the algorithms?

Exp erimen t 1: Are the algorithms scalable to the size of the net w ork?

In this exp erimen t, w e ev aluated ho w the net w ork size a�ects the p erformance of

the algorithms. W e �xed the other three indep enden t parameters and v aried the

net w ork size to observ e the run-time of the algorithms. The exp erimen t w as done

using net w orks with 5000 ev acuees, 20 source no des, and 10 destination no des. W e

v aried the n um b er of no des in the w ork from 50 to 50000.

Figure 12 sho ws the run-times of the t w o algorithms with an accompan ying data

table. Both the x-axis(n um b er of no des) and y-axis(run-time) of Figure 12 are on a
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Fig. 12. Run-time ( log-scale ) With Resp ect to Net w ork Size. (Note: Both x-axis and y-axis are

in logarithmic scale.)

logarithmic scale rather than linear. It can b e seen that the CCRP algorithm runs

in time that is prop ortional to a small p olynomial in the size of the net w ork while

the run-time of RelaxIV gro ws m uc h faster. This sho ws that CCRP is m uc h more

computationally e�cien t than LP RelaxIV. This exp erimen t also sho ws that the

run-time of CCRP is scalable to the size of the net w ork.

Exp erimen t 2: Ho w do es the n um b er of ev acuees a�ect the p erformance

of the algorithms?

The purp ose of this exp erimen t w as to ev aluate ho w the n um b er of ev acuees a�ects

the p erformance of the algorithms. W e �xed the other indep enden t parameters and

v aried the n um b er of ev acuees to observ e the algorithm run-time of CCRP and

RelaxIV.

The exp erimen t w as done using net w orks with 5000 no des, 2000 source no des,

and 10 destination no des. W e v aried the n um b er of ev acuees from 5000 to 50000.

Figure 13 sho ws the run-times of the t w o algorithms.

As can b e seen, in eac h test case, the run-time of CCRP remains less than

half that of RelaxIV. In addition, the CCRP run-time is scalable to the n um b er of

ev acuees while the run-time of RelaxIV gro ws m uc h faster. This exp erimen t sho ws:

(1) CCRP requires m uc h less run-time than RelaxIV. (2) The run-time of CCRP is

scalable to the n um b er of ev acuees.

Exp erimen t 3: Ho w do es the n um b er of source no des a�ect the p erfor-

mance of the algorithms?

In this exp erimen t, w e ev aluated ho w the n um b er of source no des a�ects the p er-

formance of the algorithms. W e �xed the other three indep enden t parameters and

v aried the n um b er of source no des to observ e the algorithm run-time. In this ex-
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Fig. 13. Run-time With Resp ect to Num b er of Ev acuees

p erimen t setup, b y v arying the n um b er of source no des, w e actually create di�eren t

ev acuee distributions in the net w ork. A higher n um b er of source no des means that

the ev acuees are more scattered in the net w ork.

The exp erimen t w as done using net w orks with 5000 no des, 5000 ev acuees, and

10 destination no des. W e v aried the n um b er of source no des from 1000 to 4000. As

sho wn in Figure 14, the run-times of b oth algorithms are scalable to the n um b er of

source no des. Ho w ev er, in all test cases, the run-time of CCRP remains less than

half of the run-time of RelaxIV. This exp erimen t also sho ws that the run-time of

CCRP is scalable to the n um b er of source no des.
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Fig. 14. Run-time With Resp ect to Num b er of Source No des
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Exp erimen t 4: Ho w do es the n um b er of destination no des a�ect the

p erformance of the algorithms?

In this exp erimen t, w e ev aluated ho w the n um b er of destination no des a�ects the

p erformance of the algorithms. W e �xed the other three indep enden t parameters

and v aried the n um b er of destination no des to observ e the algorithm run-time. The

exp erimen t w as done using net w orks with 5000 no des, 5000 ev acuees, and 2000

source no des. W e v aried the n um b er of destination no des from 10 to 50. Figure 15

sho ws the run-times of the t w o algorithms.
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Fig. 15. Run-time With Resp ect to Num b er of Destination No des

As can b e seen, the run-time of the CCRP algorithms actually decreases as

the n um b er of destination no des gro ws, while the run-time of RelaxIV increases.

This is due to the fact that CCRP uses shortest path searc hes in eac h iteration

to �nd the quic k est route from an y source no de to an y destination no de and w e

implemen ted the shortest path searc h with Dijkstra's algorithm [14]. It is kno wn

that Dijkstra's algorithm �nds the shortest path from the source to an y no de as

so on as the no de is p ermanen tly lab eled [12]. In CCRP , this means that the quic k est

route is found as so on as an y destination no de is reac hed and Dijkstra's algorithm

can terminate. This prop ert y enables the CCRP algorithm to tak e adv an tage of

more destination no des b ecause more destinations result in less time for Dijkstra's

algorithm to reac h a destination no de, thereb y reducing the CCRP run-time when

the n um b er of destination no des increases. By con trast, the RelaxIV algorithm,

whic h do es not use Dijkstra's algorithm, cannot tak e adv an tage of more destination

no des. As Figure 15 sho ws, more destination no des mak e the problem harder for

RelaxIV to solv e b ecause its run-time actually increase as the n um b er of destination

no des gro ws.

This exp erimen t sho ws that the run-time of CCRP decreases as the n um b er

of destination no des gro ws, while the run-time of RelaxIV increases. The CCRP
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algorithm has a clear adv an tage o v er RelaxIV on algorithm run-time when there is

need to add more destination no des to an ev acuation scenario.

6.1.3. Exp eriment R esults for Quality of Solution

In this exp erimen t, w e used the same exp erimen t design as sho wn in Figure 11. After

CCRP and RelaxIV pro duced solutions for eac h test case, the solution qualit y of

the t w o algorithm w ere collected and analyzed in the data analysis mo dule.

W e w an ted to compare the solution qualit y of the CCRP , whic h is a heuristic

algorithm, with that of the RelaxIV, whic h pro duces optimal solutions. W e conduct

the comparison b y examining ho w the follo wing four parameters a�ect the solution

qualit y of CCRP: (1) net w ork size represen ted b y n um b er of no des in the net w ork;

(2) n um b er of ev acuees; (3) n um b er of source no des; and (4) n um b er of destination

no des.

Exp erimen t 1: Ho w do es the net w ork size a�ect the the solution qualit y

of CCRP?

In this exp erimen t, w e ev aluated ho w the net w ork size a�ects the p erformance of

the algorithms. W e �xed the other three indep enden t parameters and v aried the

net w ork size to observ e the qualit y of solutions.

The exp erimen t w as done using net w orks 5000 ev acuees, 20 source no des, and

10 destination no des. W e v aried the n um b er of no des in the w ork from 50 to 50000.

Figure 16 sho ws the solution qualit y represen ted b y ev acuation egress time.
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Fig. 16. Qualit y of Solution With Resp ect to Net w ork Size (unit for y-axis is the same as input

unit for tra v el time, t ypically in min utes)

In eac h of the test cases, CCRP pro duced high qualit y solutions (within 10

p ercen t longer than optimal ev acuation time) and the solution qualit y of CCRP
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b ecomes v ery close to the optimal solution pro duced b y RelaxIV as the net w ork

size increases. This means CCRP can pro duce close-to-optimal solutions for large

size net w orks.

This exp erimen t sho ws: (1) The solution qualit y of CCRP increases as the net-

w ork size gro ws, (2) CCRP pro duces close-to-optimal solutions for large size net-

w orks (e.g. net w orks with more than 5000 no des).

These �ndings indicate that CCRP has an adv an tage o v er the RelaxIV algorithm

when pro ducing plans for urban ev acuation scenarios where the road net w ork is

complex. In these cases, CCRP can pro vide high qualit y solutions with m uc h less

running time than the optimal solution algorithm as w e sho w ed in the previous

exp erimen ts. More imp ortan tly , the �ndings suggest that it is often not necessary

to obtain the optimal plan in a real ev acuation scenario. Instead, it is critical to b e

able to pro duce a n um b er of high qualit y plans e�cien tly so that o�cials can revise

the plan based on the c hanging situation and mak e decisions in a timely manner.

Exp erimen t 2: Ho w do es the n um b er of ev acuees a�ect solution qualit y

of CCRP ?

In this exp erimen t, w e �xed the other indep enden t parameters and v aried the

n um b er of ev acuees to observ e the qualit y of the solution and the run-time of CCRP

and RelaxIV.

The exp erimen t w as done using net w orks with 5000 no des, 2000 source no des,

and 10 destination no des. W e v aried the n um b er of ev acuees from 5000 to 50000.

Figure 17 sho ws the solution qualit y represen ted b y ev acuation egress time. One

exception is that the data p oin t with 50 ev acuees has only 25 source no des; w e

included this setup in order to test whether CCRP can an pro duce an optimal

solution when the n um b er of ev acuees is no greater than the b ottlenec k capacit y

(50 in this test case) of the net w ork, as stated in Lemma 8.

The exp erimen t results sho w that: 1) In eac h test case, CCRP pro duced v ery

high qualit y solutions compared with the optimal solutions pro duced b y RelaxIV.

2) A t the data p oin t with 50 ev acuees, CCRP pro duced the same ev acuation time

(306 time units)as RelaxIV pro duced. In this test case, the n um b er of ev acuees is

less than the b ottlenec k capacit y of the net w ork. Therefore, CCRP pro duces the

optimal solution as w e stated in Lemma 8. Its solution qualit y do es drop sligh tly

though, as the the n um b er of ev acuees gro ws.

Exp erimen t 3: Ho w do es the n um b er of source no des a�ect the solution

qualit y of CCRP?

In this exp erimen t, w e ev aluated ho w the n um b er of source no des a�ects the so-

lution qualit y of the algorithms. W e �xed the other three indep enden t parameters

and v aried the n um b er of source no des to observ e the qualit y of the solution. In

this exp erimen t setup, b y v arying the n um b er of source no des, w e actually create

di�eren t ev acuee distributions in the net w ork. A higher n um b er of source no des

means that the ev acuees are more scattered in the net w ork.
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Fig. 17. Qualit y of Solution With Resp ect to Num b er of Ev acuees (unit for y-axis is the same as

input unit for tra v el time, t ypically in min utes)

The exp erimen t w as done using net w orks with 5000 no des, 5000 ev acuees, and

10 destination no des. W e v aried the n um b er of source no des from 1000 to 4000.

Figure 18 sho ws the solution qualit y represen ted b y ev acuation egress time.
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Fig. 18. Qualit y of Solution With Resp ect to Num b er of Source No des (unit for y-axis is the same

as input unit for tra v el time, t ypically in min utes)

In all test cases, CCRP pro duced high qualit y solutions (within 5 p ercen t longer

than optimal ev acuation time) and the n um b er of source no des has little e�ect on

the solution qualit y of CCRP . It is also in teresting to note that the ev acuation

egress time is non-monotonic with resp ect to the n um b er of source no des. This
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means that when the n um b er of ev acuees is �xed, adding more source no des do es

not necessarily increase or decrease the ev acuation egress time. In this case, the

lo cation of the newly added source no des has m uc h more impact on the ev acuation

time. F or example, adding source no des closer to the destinations will lik ely decrease

the ev acuation time, while adding source no des further a w a y from the destinations

will lik ely increase the ev acuation time.

This exp erimen t sho ws: (1) CCRP pro duces high qualit y solutions in all test

cases. (2)The solution qualit y of CCRP is not a�ected b y the n um b er of source

no des.

Exp erimen t 4: Ho w do es the n um b er of destination no des a�ect the the

solution qualit y of CCRP?

In this exp erimen t, w e ev aluated ho w the n um b er of destination no des a�ects the

solution qualit y of the algorithms. W e �xed the other three indep enden t parameters

and v aried the n um b er of destination no des to observ e the qualit y of the solution.

The exp erimen t w as done using net w orks with 5000 no des, 5000 ev acuees, and

2000 source no des. W e v aried the n um b er of destination no des from 10 to 50. Figure

19 sho ws the solution qualit y represen ted b y ev acuation egress time.
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Fig. 19. Qualit y of Solution With Resp ect to Num b er of Destination No des (unit for y-axis is the

same as input unit for tra v el time, t ypically in min utes)

In all test cases, CCRP pro duced high qualit y solutions (within 5 p ercen t longer

than optimal ev acuation time) and the n um b er of destination no des has little e�ect

on the solution qualit y of CCRP . Similar to the previous exp erimen t on the n um b er

of source no des, it is also noted that the ev acuation egress time is non-monotonic

with resp ect to the n um b er of destination no des. This means that adding more des-

tination no des to an ev acuation scenario do es not necessarily reduce the ev acuation
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egress time. Instead, the lo cation of the added destination no des and the capacit y

of the roads leading to these no des ma y pla y a m uc h more imp ortan t role.

This exp erimen t sho ws: (1) CCRP pro duces high qualit y solutions in all test

cases. (2)The solution qualit y of CCRP is not a�ected b y the n um b er of destination

no des.

6.2. CCRP Design De cisions

In this section, w e presen t the exp erimen tal ev aluation of t w o design decisions to

impro v e the p erformance of the CCRP algorithm.

6.2.1. Choic e of A lgorithm to Identify Closest Sour c e-Destination Pair

CCRP 05 is an earlier algorithm based on the capacit y constrained routing ap-

proac h. Ma jor impro v emen ts in the new v ersion, CCRP lie in the algorithm used

to �nd the quic k est route b et w een the closest source-destination pair. In CCRP 05,

�nding quic k est route R is done b y running one generalized shortest path searc h

from eac h source no de to all destination no des. Eac h searc h is terminated when

an y destination no de is reac hed. If there are x source no des in the net w ork, the

CCRP 05 algorithm requires x shortest path searc hes (one p er source no de) to b e

done in eac h iteration in order to �nd route R .

In CCRP , one imp ortan t design decision w as made to impro v e the step of �nding

route R . The impro v emen t is to replace the x shortest path searc hes in CCRP with

only one shortest path searc h. This w as done b y adding a sup er source no de s

0

to the

net w ork and connecting s

0

to all source no des. The sup er source s

0

is connected to

eac h source no de b y an edge with in�nite capacit y and zero tra v el time. This allo ws

us to complete the searc h for route R b y using only one single shortest path searc h,

whic h tak es the sup er source s

0

as the start no de. The searc h terminates when an y

destination no de is reac hed. It can b e easily pro v ed that the shortest route found b y

this searc h is the route R w e need in line 2. This impro v emen t signi�can tly reduces

the computational cost of the algorithm b y one degree of magnitude compared with

CCRP 05.

Since CCRP 05 and CCRP use the same heuristic metho d to �nd a solution,

it is exp ected that CCRP 05 and CCRP w ould pro duce solutions with the same

ev acuation egress time for eac h test case. T o observ e the di�erence b et w een the

actual run-time of CCRP 05 and CCRP , w e conducted the follo wing exp erimen t.

NETGEN w as used to generate ev acuation net w orks with 5000 ev acuees, 20 source

no des, 10 destination no des, and n um b er of no des v arying from 50 to 50,000. It

should b e noted again that the CCRP 05 and CCRP algorithms used in this ex-

p erimen t w ere implemen ted with Dijkstra's shortest path algorithm using double-

buc k et data structure. The reasons for this decision are presen ted in Section 6.2.2.

Figure 20 sho ws the run-times of CCRP 05 and CCRP with resp ect to di�eren t

net w ork sizes, with an accompan ying data table.
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in logarithmic scale.)

Both the x-axis(n um b er of no des) and y-axis(run-time) of Figure 20 are on

a logarithmic scale. It can b e seen that, in all test cases, CCRP run-time w as

m uc h faster than that of CCRP 05. F or small net w orks with 50 no des, CCRP out-

p erformed CCRP 05 b y a factor of ab out 2 and this factor b ecame more signi�can t

as the net w ork size increases. F or large net w orks with 50,000 no des, CCRP w as

faster than CCRP 05 b y a factor of 10.

This exp erimen t sho ws that, compared to CCRP 05, CCRP signi�can tly im-

pro v es the p erformance of the capacit y constrained routing algorithm, esp ecially

for ev acuation scenarios with large size net w orks.

6.2.2. Comp arison of di�er ent implementations of the CCRP algorithm

Another imp ortan t design decision for CCRP is the c hoice of shortest path algorithm

used to �nd the quic k est route R . Shortest path algorithms and their implemen-

tations ha v e b een dev elop ed and ev aluated extensiv ely [4 ; 11 ; 38]. Man y of these

algorithms can reduce the computational cost b y taking adv an tage of certain prop-

erties of the graph net w ork. W e c hose to lo ok sp eci�cally at Dijkstra's algorithm

and the Tw o-Q based on the follo wing reasoning.

Ev acuation net w orks ha v e a few imp ortan t prop erties. First, most ev acuation

net w orks are transp ortation road net w orks; as suc h they are sparse net w orks b ecause

most road net w orks ha v e an edge/no de ratio that is less than 3. Second, in our

problem form ulation, w e de�ned the tra v el time of edges as non-negativ e in tegers,

whic h means the net w ork has non-negativ e and in tegral edge w eigh ts.

Man y shortest path algorithms ha v e pro v ed to b e able to reduce computational

cost with net w orks of suc h prop erties. One of the most comprehensiv e reviews of

shortest path algorithms w as done b y Cherk assky , Goldb erg, and Radzik [11].
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Cherk assky et al. [11] suggested that Dijkstra's algorithm has the b est p erformance

for net w orks with non-negativ e edge w eigh ts. Among the v arious implemen tations

of Dijkstra's algorithm, Dijkstra's using binary heap and Dijkstra's using double

buc k et ga v e b etter p erformance for sparse net w orks. In addition, it has b een sho wn

that the Tw o-Q algorithm [31] also p erforms w ell on some problems with road

net w orks [38].

In order to test the p erformance of the CCRP algorithm with di�eren t shortest

path algorithms, w e c hose the follo wing four algorithms as candidates to implemen t

the shortest path searc h in CCRP: incremen tal graph algorithm with t w o queues,

Dijkstra's using binary heap, Dijkstra's using double buc k et, and Dijkstra's using

Fib onacci heaps. Dijkstra's algorithm using Fib onacci heaps w as c hosen b ecause it

has the b est theoretical w orst case complexit y on sparse graphs [11] and w e w an ted

to see ho w its actual p erformance compare with others.

In this exp erimen t, NETGEN w as used to generate ev acuation net w orks with

5000 ev acuees, 20 source no des, 10 destination no des, and n um b er of no des v arying

from 50 to 50,000. The purp ose w as to compare the p erformance of CCRP with

eac h implemen tation on ev acuation net w orks with di�eren t sizes. Figure 21 sho ws

the run-times of the candidate algorithms with resp ect to di�eren t net w ork sizes.

Dijkstra's algorithm with naiv e implemen tation, whic h is kno wn to p erform p o orly ,

w as added in the exp erimen t as a reference.
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As can b e seen, the three implemen tations of Dijkstra's algorithms (Dijkstra's
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using binary heap, Dijkstra's using double buc k et and Dijkstra's using Fib onacci

heaps.) ga v e m uc h b etter p erformance than the Tw o-Q algorithm. Among the three,

Dijkstra's using double buc k et p erformed the b est mainly b ecause it is kno wn to b e

able to tak e adv an tage of non-negativ e in tegral edge w eigh ts. By con trast, Dijkstra's

algorithm using Fib onacci heaps w as the slo w est since it do es not tak e adv an tage

of these net w ork prop erties. This result also means that an algorithm with the b est

theoretical computational cost (suc h as Dijkstra's algorithm using Fib onacci heaps)

do es not necessarily giv e the b est p erformance.

The Tw o-Q algorithm p erformed v ery p o orly , that is, only faster than Di-

jkstra's algorithm with naiv e implemen tation. Previously , Tw o-Q algorithm w as

sho wn to p erform w ell on some road net w orks problems with one-to-all shortest

path searc h [38]. Ho w ev er, the shortest path searc h in the CCRP algorithm is a

one-to-some shortest path searc h b ecause it only needs to �nd the b est route from

the source to an y one of the destination no des. The Tw o-Q algorithm cannot tak e

adv an tage of this b ecause it has to complete the searc h to all no des b efore it termi-

nates. By con trast, Dijkstra's algorithm can terminate as so on as one of the desti-

nation no des is reac hed. This is the main reason that Tw o-Q algorithm p erformed

slo w er than all the three candidates of Dijkstra's algorithm in the exp erimen t.

Ov erall, this exp erimen t sho ws that Dijkstra's algorithm with double buc k et im-

plemen tation giv es the b est p erformance among all candidates. Therefore, Dijkstra's

algorithm with double buc k et is our c hoice for the design decision of implemen ting

the shortest path searc h in CCRP .

6.3. A Case Study

In this section w e rep ort the results of exp erimen ts conducted on a real ev acuation

scenario. As sho wn in Figure 22, the Mon ticello n uclear p o w er plan t is ab out 40

miles to the north w est of the Twin Cities of Minneap olis-St.P aul. Ev acuation plans

need to b e in place in case of acciden ts or terrorist attac ks. The ev acuation zone is a

10-mile radius around the n uclear p o w er plan t as de�ned b y Minnesota Homeland

Securit y and Emergency Managemen t [3] . A hand-drafted ev acuation route plan

w as dev elop ed to ev acuate the a�ected p opulation to a high sc ho ol. Ho w ev er, this

plan did not consider the capacit y of the road net w orks and put high loads on t w o

high w a ys.

W e conducted an exp erimen t using the CCRP algorithm. The exp erimen t w as

done using the road net w ork around the ev acuation zone pro vided b y the Minnesota

Departmen t of T ransp ortation [2] , and the Census 2000 p opulation data for eac h

a�ected cit y (circles in Figure 22). The total n um b er of ev acuees is ab out 42,000. As

can b e seen in Figure 22, our algorithm giv es a m uc h b etter ev acuation route plan b y

selecting shorter paths to reduce ev acuation time and utilizing ric her routes (routes

near ev acuation destination) to reduce congestion. The old ev acuation plan has

an ev acuation egress time of 268 min utes. The CCRP algorithm pro duced a m uc h

b etter plan with an ev acuation time of only 162 min utes. This exp erimen t sho ws
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Fig. 22. Ov erla y of Result Routes for Mon ticello P o w er Plan t Ev acuation Route Planning

that our algorithm is e�ectiv e in real ev acuation scenarios to reduce ev acuation time

and impro v e existing plans.

Our approac h w as presen ted at the Congressional Breakfast Program on Home-

land Securit y [34] held b y the Univ ersit y Consortium for Geographic Information

Science (UCGIS), and also rep orted in also rep orted in the Minnesota Homeland

Securit y and Emergency Managemen t newsletter[36]. It w as also selected b y the

Minnesota Departmen t of T ransp ortation to b e used in the ev acuation planning

pro ject for the Twin Cities Metro Area, whic h in v olv es a road net w ork of ab out

250,000 no des and a p opulation of o v er 2 million p eople. In this pro ject, the CCRP

algorithm w as tested on �v e pre-de�ned scenarios and some randomly selected lo ca-

tions. T ransp ortation professionals ev aluated the qualit y of the solutions and found

them to b e highly satisfactory .

7. Conclusions and F uture W ork

W e prop osed a capacit y constrained ev acuation planning approac h within the frame-

w ork of seman tic computing. User requiremen ts w ere analyzed and v arious design

options w ere explored. W e addressed the need for a computationally e�cien t ap-

proac h in [27] b y prop osing the CCRP algorithm. CCRP is a heuristic algorithm

that uses time series to incorp orate capacit y constrain ts and generalizes shortest

path searc h algorithms. This algorithm pro duces high-qualit y solutions and is scal-

able to large ev acuation net w orks.

In this pap er, w e presen t a comprehensiv e o v erview of the framew ork for the
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ev acuation route planning problem and prop ose new approac hes to address the

limitation of previous studies. W e pro vide a discussion of the form ulation of an

alternate optimal algorithm using A* searc h. This algorithm addresses the limi-

tations of the LP based approac h b y using only the original ev acuation net w ork

to �nd the optimal solution and it do es not require a user-pro vided upp er b ound

on ev acuation time. Ho w ev er, exp erimen ts sho w that this metho d is not scalable

to large size net w orks. W e prop ose an impro v ed heuristic algorithm (CCRP) b y

exploring a v ailable design decisions. W e c haracterize the design space a v ailable in

the con text of the CCRP algorithm and ev aluate the p erformance of the CCRP

algorithm for eac h of the design decisions. A wide range of shortest path algorithms

and data structures are explored and exp erimen t results sho w that Dijkstra's algo-

rithm with double-buc k et data structure giv es the b est p erformance for CCRP . W e

pro v e that CCRP , using Dijkstra's algorithm with double-buc k et data structure,

has a run-time of O ( p � ( m + 2 C n )), whic h is faster than LP based metho ds in real

ev acuation scenarios. W e also pro v e that CCRP requires less memory than the LP

algorithm. Exp erimen tal ev aluation using v arious net w ork con�gurations sho w that

CCRP pro duces high qualit y solutions and is m uc h more computationally e�cien t

than LP algorithms. It is also sho wn that CCRP has a clear adv an tage o v er the LP

algorithm when increasing the n um b er of destination no des in the net w ork.

The shortest path algorithm used in our approac h assumes that the edge tra v el

times include tra�c dela ys at in tersections. It also assumes that the tra v el times

are not time-dep enden t. W e plan to incorp orate existing w ork in this area, suc h as

[39], to address this limitation.

The A* form ulation lea v es man y p ossibilities for impro v emen t. F or example,

pruning tec hniques can b e applied in the searc h no de expansion. Curren tly the short-

est path computation in the heuristic ev aluation computes all pairs shortest paths;

w e plan to use a more suitable algorithm (lab el correcting algorithm) here. The

heuristic h ( n ) is the largest, shortest path distance b et w een the source-destination

pairs, whic h is a "max-min" computation. Algorithms that are computationally

less exp ensiv e to compute this w ould de�nitely impro v e the p erformance of the A*

algorithm. There is also a p ossibilit y of reducing the memory requiremen t b y main-

taining only the curren t no de of in terest (one with minim um cost) and discarding

the rest, since the heuristic used is monotone.

Another in teresting p ossibilit y for future w ork is to in tegrate our CCRP ap-

proac h with the tra�c assignmen t-sim ulation approac h. The tra�c assignmen t-

sim ulation approac h uses tra�c sim ulation to ols, suc h as D YNASMAR T [29] and

DynaMIT [5], to conduct sto c hastic sim ulation of tra�c mo v emen ts based on origin-

destination tra�c demands and uses queuing metho ds to accoun t for road capacit y

constrain ts. Although it ma y tak e a long time to complete the sim ulation pro cess

for a large transp ortation net w ork, this approac h do es ha v e the capabilit y to pre-

dict lo cations for tra�c congestion, in con trast to CCRP , whic h assumes that tra�c

mo v es at a certain sp eed on eac h road segmen t.
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App endix A. CCRP Algorithm

This section giv es a brief explanation of eac h pro cedure in the CCRP algorithm

giv en in Section 4.2.3 and its detailed v ersion.

A.1. Description of Pr o c e dur es use d

� closest pair shortest path(): This step computes the shortest path from the

sup er source to destinations and pic ks the route with the earliest arriv al

time. The route is selected in suc h a w a y that all the edges on this route

ha v e non-zero capacit y .

pr o c e dur e closest p air shortest p ath() f

�nd route R < n

0

; n

1

; : : : ; n

k

> with time sc hedule <

t

0

; t

1

; l dots; t

k � 1

>

using one generalized shortest path searc h from sup er source s

0

to all destinations,

(where s 2 S , d 2 D , n

0

= s , n

k

= d )

suc h that R has the earliest destination arriv al time among rout

es b et w een all ( s , d ) pairs,

and Av ail abl e E dg e C apacity ( e

n

i

n

i +1

; t

i

) > 0 ; 8 i 2

f 0 ; 1 ; : : : ; k � 1 g ,

and Av ail abl e N ode C apacity ( n

i +1

; t

i

+ T r av el time ( e

n

i

n

i +1

)) > 0 ; 8 i 2

f 0 ; 1 ; : : : ; k � 1 g ;

g

� compute 
o w(): The 
o w on the shortest path is computed as the minim um

of the a v ailable capacities of the a v ailable capacities of edges and no des on

the route.

pr o c e dur e c ompute 
ow() f

f l ow = min( n um b er of ev acuees still at source no de s ,

Av ail abl e E dg e C apacity ( e

n

i

n

i +1

; t

i

) ; 8 i 2 f 0 ; 1 ; : : : ; k � 1 g ,

Av ail abl e N ode C apacity ( n

i +1

; t

i

+

T r av el time ( e

n

i

n

i +1

)) ; 8 i 2 f 0 ; 1 ; : : : ; k � 1 g

);

g

� reserv e 
o w(): The edge capacities and no de capacities are reduced b y an

amoun t equal to the computed 
o w in the previous step.

pr o c e dur e r eserve 
ow() f

Av ail abl e E dg e C apacity ( e

n

i

n

i +1

; t

i

) reduced b y f l ow ; (5)

Av ail abl e N ode C apacity ( n

i +1

; t

i

+ T r av el time ( e

n

i

n

i +1

)) re-

duced b y f l ow ;

g

A.2. CCRP A lgorithm - Detaile d V ersion
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Algorithm 2 Capacit y Constrained Route Planner (CCRP)-Detailed V ersion

Input:

1)

G ( N ; E ) : a graph G with a set of nodes N and a set of edges E ;

Each node n 2 N has two properties:

M aximum N ode C apacity ( n ) : non-negative integer

I nitial N ode O ccupancy ( n ) : non-negative integer

Each edge e 2 E has two properties:

M aximum E dg e C apacity ( e ) : non-negative integer

T r av el time ( e ) : non-negative integer

2)

S : set of source nodes, S � N ;

3)

D : set of destination nodes, D � N ;

Output:

Evacuation plan : Routes with schedules of evacuees on e ach route

Method:

Pre-process network: add super source node s

0

to network,

link s

0

to each source nodes with an edge which

M aximum E dg e C apacity () = 1 and T r av el time () = 0 ; (0)

while any source node s 2 S has evacuee do f (1)

find route R < n

0

; n

1

; : : : ; n

k

> with time schedule < t

0

; t

1

; : : : ; t

k � 1

>

using one generalized shortest path search from super source s

0

to all destinations,

(where s 2 S , d 2 D , n

0

= s , n

k

= d )

such that R has the earliest destination arrival time among rout es between all

( s , d ) pairs,

and Av ail abl e E dg e C apacity ( e

n

i

n

i +1

; t

i

) > 0 ; 8 i 2 f 0 ; 1 ; : : : ; k � 1 g ,

and Av ail abl e N ode C apacity ( n

i +1

; t

i

+ T r av el time ( e

n

i

n

i +1

)) > 0 ; 8 i 2

f 0 ; 1 ; : : : ; k � 1 g ; (2)

f l ow = min ( number of evacuees still at source node s ,

Av ail abl e E dg e C apacity ( e

n

i

n

i +1

; t

i

) ; 8 i 2 f 0 ; 1 ; : : : ; k � 1 g ,

Av ail abl e N ode C apacity ( n

i +1

; t

i

+ T r av el time ( e

n

i

n

i +1

)) ; 8 i 2 f 0 ; 1 ; : : : ; k �

1 g

) ; (3)

for i = 0 to k � 1 do f (4)

Av ail abl e E dg e C apacity ( e

n

i

n

i +1

; t

i

) reduced by f l ow ; (5)

Av ail abl e N ode C apacity ( n

i +1

; t

i

+ T r av el time ( e

n

i

n

i +1

)) reduced by f l ow ; (6)

g (7)

g (8)

Output evacuation plan; (9)


