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Starting with a short review of the available literature in the ¯eld of
pedestrian and evacuation research, an overview is given over the ob-
served collective phenomenain pedestrian crowds. This includes lane for-
mation in corridors and oscillations at bottlenecks in normal situations,
while di®erent kinds of blocked states are produced in panic situations.
By meansof molecular-dynamic-like microsimulations basedon a general-
ized force model of interactive pedestrian dynamics, the spatio-temporal
patterns in pedestrian crowds are successfullyreproduced and interpreted
as self-organizedphenomena. In contrast to previous socio-psychological
approaches, this allows a physical understanding of the observations. De-
spite the signi¯cantly di®erent phenomenaoccuring in normal and panic
situations, the main e®ectscan be described by a uni¯ed model containing
only well interpretable and plausible terms. The transition betweenthe \ra-
tional" normal behavior and the apparently \irrational" panic behavior is
controlled by a single parameter, the \nerv ousness",which in°uences °uc-
tuation strengths, desired speeds,and the tendency of herding. Thereby,
it causesparadoxial e®ectslike \freezing by heating", \faster is slower",
and the ignorance of available exits. Nevertheless, there are measuresto
improve pedestrian °ows, both in normal and panic situations. For exam-
ple, the suitable placement of columns can help, although they reducethe
accessiblespace.

1 In tro duction

The various collective phenomenaobserved in pedestriancrowds have recently at-
tracted the interest of a rapidly increasingnumber of scientists. In this review, we
will always distinguish the dynamicsof pedestriansin normal and panic situations.
Sinceboth problemsare characterizedby di®erent characteristic phenomena,they
have often beeninvestigatedby di®erent scienti¯c communities. However, aswe will
show in the following, they can be treated in a consistent way by oneand the same
pedestrianmodel.
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1.1 Research in normal pedestrian behavior

Pedestriancrowdshave beenempirically studied for morethan four decadesnow [1{
8]. The evaluation methods applied werebasedon direct observation, photographs,
and time-lapse¯lms. Apart from behavioral investigations[9,10], the main goal of
these studies was to develop a level-of-service concept [11{13], designelementsof
pedestrianfacilities [14{19], or planning guidelines[20{24]. The latter have usually
the form of regression relations, which are, however, not very well suited for the
prediction of pedestrian°ows in pedestrianzonesand buildings with an exceptional
architecture, or in extreme conditions such as evacuation. Therefore, a number of
simulation modelshave beenproposed,e.g.queueingmodels[25{27], transition ma-
trix models[28],and stochasticmodels[29,30],which arepartly related to each other.
In addition, there are models for the route choice behavior of pedestrians[31{34].

Noneof theseconceptsadequatelytakesinto account the self-organizatione®ects
occuring in pedestriancrowds.Thesemay, however, leadto unexpectedobstructions
due to mutual disturbancesof pedestrian°ows. More promising with regard to this
is the approach by Henderson.He conjecturedthat pedestriancrowds behave sim-
ilar to gasesor °uids ([35{38], seealso [39,40]). This could be partly con¯rmed
(seeSec.2.3). However, a realistic gas-kinetic or °uid-dynamic theory for pedes-
trians must contain correctionsdue to their particular interactions (i.e. avoidance
and decelerationmaneuvers) which, of course,do not obey momentum and energy
conservation. Although such a theory canbeactually formulated [34,41,42],for prac-
tical applications a direct simulation of individual pedestrianmotion is favourable,
since this is more °exible. As a consequence,current research focusseson the mi-
crosimulation of pedestriancrowds, which alsoallows us to considerincoordination
by excluded volumee®ects related to the discrete,\granular" structure of pedestrian
°ows. In this connection,a behavioral force model of individual pedestriandynamics
hasbeendeveloped [18,43{53](seeSec.3). A discreteand simple forerunnerof this
model was proposedby Gipps and MarksjÄo (1985). We also like to mention recent
cellular automataof pedestriandynamics[54{63], and AI-based models[64{67].

1.2 Evacuation and panic research

Computer models for emergencyand evacuation situations have beendeveloped as
well [62,68{76]. Most research into panics, however, has been of empirical nature
(see,e.g.Refs. [77{80]), carried out by social psychologistsand others.

With someexceptions,panics are observed in casesof scarceor dwindling re-
sources[81,77],which are either required for survival or anxiously desired.They are
usually distinguishedinto escapepanics(\stamp edes",bank or stock market panics)
and acquisitive panics(\crazes", speculative manias) [82,83],but in somecasesthis
classi¯cation is questionable[84].

It is often stated that panicking people are obsessedby short-term personal
interests uncontrolled by social and cultural constraints [77,82]. This is possibly
a result of the reducedattention in situations of fear [77], which also causesthat
options likesideexits aremostly ignored[78]. It is, however, frequently attributed to
social contagion [77,79,81{89],i.e., a transition from individual to masspsychology,
in which individuals transfer control over their actions to others [83], leading to
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conformity [90].This \herding behavior" is in somesenseirrational, asit often leads
to bad overall results like dangerousovercrowding and slower escape [83,84,78].In
this way, herding behavior can increasethe fatalities or, moregenerally, the damage
in the crisis faced.

The various socio-psychological theories for this contagion assumehypnotic ef-
fects, rapport, mutual excitation of a primordial instinct, circular reactions,social
facilitation (seethe summary by Brown [88]), or the emergenceof normative sup-
port for sel¯sh behavior [89]. Brown [88] and Coleman[83] add another explanation
related to the prisoner's dilemma [91,92]or commongoods dilemma [93], showing
that it is reasonableto make one's subsequent actions contingent upon those of
others, but the socially favourable behavior of walking orderly is unstable, which
normally givesrise to rushing by everyone.Thesethoughtful considerationsare well
compatiblewith many aspectsdiscussedaboveand with the classicalexperiments by
Mintz [81], which showed that jamming in escape situations dependson the reward
structure (\pa yo®matrix").

Neverthelessand despiteof the frequent reports in the mediaand many published
investigationsof crowd disasters(seeTable 1), a quantitativ e understandingof the
observed phenomenain panic stampedeshasbeenlacking. In this study, we will add
another aspect to the explanation of panicsby simulating a computer model for the
crowd dynamicsof pedestrians.

2 Observ ations

2.1 Normal situations

We have investigatedpedestrianmotion for several yearsand evaluated a number of
video ¯lms. Despite the sometimesmore or less\chaotic" appearanceof individual
pedestrianbehavior, onecan ¯nd regularities, someof which becomebest visible in
time-lapse¯lms like the onesproducedby Arns [94].While describingthese,we also
summarizeresults of other pedestrianstudiesand observations [18,19,45,95]:

1. Pedestriansfeel a strong aversion to taking detours or moving opposite to the
desiredwalking direction, even if the direct way is crowded. However, there is
also someevidencethat pedestriansnormally choosethe fastest route to their
next destination, but not the shortestone [96]. In general,pedestrianstake into
account detoursaswell as the comfort of walking, thereby minimizing the e®ort
to reach their destination [97]. Their ways can be approximated by polygons.

2. Pedestriansprefer to walk with an individual desiredspeed,which correspondsto
the most comfortable(i.e. leastenergy-consuming)walking speed(seeRef. [8]) as
long as it is not necessaryto go faster in order to reach the destination in time.
The desired speedswithin pedestrian crowds are Gaussiandistributed with a
meanvalueof approximately 1.34m/s anda standarddeviation of about 0.26m/s
[35]. However, the averagespeeddependson the situation [21], sexand age,the
time of the day, the purposeof the trip, the surrounding, etc. [8].

3. Pedestrianskeepa certain distanceto other pedestriansand borders(of streets,
walls, and obstacles;see[22,24]).This distanceis smaller the more a pedestrian
is in a hurry, and it decreaseswith growing pedestriandensity.
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Table 1: Incomplete list of major crowd disastersafter J. F. Dickie in Ref. [98],
http://ourworld.compuserve.com/homepages/G Keith Still/disaster.htm ,
http://SportsIllustrated.CNN.com/soccer/world/news/2000/07/09/stadi um
disasters ap/ , and other internet sources(from [99]). The number of injured peoplewas
usually a multiple of the fatalities.

Date Place Venue Deaths Injured Reason
1863Santiago, Chile Church 2000
1881Vienna, Austria Theatre 570
1883Sunderland, UK Theatre 182
1902Ibrox, UK Stadium 26 517Collapseof West Stand
1903Chicago, USA Theatre 602
1943London, UK Subway Sta-

tion
173 Stampedewhile air raid

1946Bolton, UK Stadium 33 400Collapseof a wall
1955Santiago, Chile Stadium 6 Fans trying to force their way into

the stadium
1961Rio de Janeiro,

Brazil
Circus 250

1964Lima, Peru Stadium 318 500Goal disallowed
1967Kayseri, Turkey Stadium 40
1968BuenosAires,

Argentina
Stadium 75 150Fans °eeing from ¯re

1970St. Laurent-du-
Pont, France

Dance Hall 146

1971Ibrox, UK Stadium 66 140Collapseof barriers
1971Salvador, Brazil Stadium 4 1500Fight and wild rush
1974Cairo, Egypt Stadium 48 Crowds break barriers
1976Port-au-Prince,

Haiti
Stadium 2 Firecracker

1979Nigeria Stadium 24 27 Light failure
1979Cincinatti, USA Stadium 11 Fans trying to force their way into

the stadium
1981Piraeus, Greece Stadium 24 Rush of leaving fans
1981She±eld, UK Stadium 38 Crowd surge
1982Cali, Columbia Stadium 24 250Provocation by drunken fans
1982Moscow, USSR Stadium 340 Re-entering fans after last minute

goal
1985Bradford, UK Stadium 56 Fire in wooden terrace section
1985Mexico Cit y,

Mexico
Stadium 10 29 Fans trying to force their way into

the stadium
1985Brussels,Bel-

gium
Stadium 38 > 400Riots break out

1987Trip oli, Libya Stadium 2 16 Collapseof a wall
1988Katmandu,

Nepal
Stadium 93 > 100Stampededue to hailstorm

1989Hillsborough,
She±eld, UK

Stadium 96 Fans trying to force their way into
the stadium

1990Mecca,Saudi
Arabia

Pedestrian
Tunnel

1425 Overcrowding

1991Orkney, South
Africa

Stadium > 40 Fans trying to escape ¯gh ting
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Date Place Venue Deaths Injured Reason
1991New York, USA Stadium 9 Overcrowding at concert
1992Rio de Janeiro,

Brazil
Stadium 50 Part of the fencegiving way

1992Bastia, Corsica Stadium 17 1900
1994Mecca,Saudi Arabia 270 \Stoning the devil" ritual
1995New Delhi, India Tent ¼ 400 > 100Indian ¯re
1996Lusaka, Zambia Stadium 9 78 Stampede after Zambia's victory

over Sudan
1996Tembisa, South

Africa
Railway Sta-
tion

15 > 20 Electric cattle prods usedby secu-
rit y guards

1996Guatemala Cit y,
Guatemala

Stadium 80 180Fanstrying to force their way into
the stadium

1997Las Vegas,USA Hotel 1 50 Gunshot
1997DÄusseldorf,Germany Stadium 1 > 300Overcrowding at concert
1998Dhaka, Bangladesh Multi-Storey

Building
1 15 Fire stampede

1998Mecca,Saudi Arabia 107 \Stoning the devil" ritual
1998Harare, Zimbabwe Stadium 4 10 Spectators scrambled for seats
1998Manila, Phillipines Presidential

Action Cen-
ter

2 Large crowd waiting for jobs and
housing

1998Chervonohrad,
Ukraine

Cinema 4 Stampededue to in- and outcom-
ing children

1998Lima, Peru Disco 9 7 Tear gas
1999Minsk, Belarus Subway Sta-

tion
51 150Heavy rain at rock concert

1999Kerala, India Hindu
Shrine

> 50 Collapseof parts of the shrine

1999Benin, Nigeria Religious
Place

14 Stampedeat a Christian revivalist
rally

1999Innsbruck, Austria Stadium 5 25 Fans re-entering the stadium?
2000Kaloroa, Bangladesh Examination

Place
5 Stampedeto enter an examination

hall
2000Mecca,Saudi Arabia Holy Place 2 4 Pilgrim overcrowding
2000Durban, South Africa Disco 13 44 Tear gas
2000Chiaquelane,Mozam-

bique
Chiaquelane
Camp

5 10 Aid chaos

2000Lisbon, Portugal Nightclub 7 65 Poisonousgasbombs
2000Seville, Spain 30 Good Friday procession
2000Monrovia, Lib eria Stadium 3 Fanstrying to force their way into

the stadium
2000Lahore, Pakistan Circus 8 3 Guards usedbatons
2000Addis Abeba,

Ethiopia
Memorial
Place

14 Children trying to cover from a
rainstorm

2000Roskilde, Denmark Stadium 8 25 Failure of loud speakers
2000Harare, Zimbabwe Stadium 12 Tear gas
2000S~ao Janu¶ario, Brazil Stadium 200Oversold stadium

Resting individuals (waiting on a railway platform for a train, sitting in a din-
ing hall, or lying at a beach) are uniformly distributed over the available area if
there are no acquaintancesamong the individuals. Pedestriandensity increases
(i.e. interpersonaldistanceslessen)around particularly attractiv e places.It de-
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creaseswith growing velocity variance,e.g.,on a dance°oor [41,18].Individuals
knowing each other may form groupswhich areentities behaving similar to single
pedestrians.Group sizesare Poissondistributed [100{102].

2.2 Panic situations

Panic stampede is one of the most tragic collective behaviors [79,81{83,85{89],as
it often leads to the death of people who are either crushed or trampled down
by others. While this behavior is comprehensiblein life-threatening situations like
¯res in crowded buildings [77,78], it is hard to understand in casesof a rush for
good seatsat a pop concert [84] or without any obvious reasons.Unfortunately, the
frequencyof such disastersis increasing[84] (seeTable 1), as growing population
densitiescombined with easiertransportation lead to greater massevents like pop
concerts,sporting events, and demonstrations.Nevertheless,systematic studies of
panics [81,103]are rare [77,82,84],and there is a scarcity of quantitativ e theories
capableof predicting the dynamicsof human crowds [62,68,69,72,73,76].In spite of
this, the following featuresappear to be typical [52,53]:

1. In situations of escape panics, individuals are getting nervous, i.e. they tend to
develop blind actionism.

2. Peopletry to move considerablyfaster than normal [21].
3. Individuals start pushing, and interactions among people becomephysical in

nature.
4. Moving and, in particular, passingof a bottleneck frequently becomesincoordi-

nated [81].
5. At exits, jamsarebuilding up [81].Sometimes,arching and cloggingareobserved

[21], seeFig. 1.
6. The physical interactions in jammed crowds add up and can causedangerous

pressuresup to 4,500Newtons per meter [78,98],which can bend steel barriers
or tear down brick walls.

7. Escape is slowed down by fallen or injured peopleturning into \obstacles".
8. Peopletend to show herding behavior, i.e., to do what other peopledo [77,86].
9. Alternativ e exits are often overlooked or not e±ciently usedin escape situations

[77,78].

The following quotations give a more personalimpressionof the conditions during
escape panics:

1. \They just kept pushin' forward and they would just walk right on top of you,
just trample over ya like you were a pieceof the ground." (After the panic at
\The Who Concert Stampede" in Cincinatti.)

2. \P eoplewere climbin' over peopleta get in ... an' at one point I almost started
hittin' 'em, becauseI couldnot believethe animal, animalistic ways of the people,
you know, nobody cared." (After the panic at \The Who Concert Stampede".)

3. \Smaller peoplebeganpassingout. I attempted to lift onegirl up and above to
be passedback ... After several tries I was unsuccessfuland near exhaustion."
(After the panic at \The Who Concert Stampede".)
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Figure 1: Panicking football fans trying to escape the football stadium in She±eld. Be-
causeof a clogging e®ect,it is di±cult to passthe open door.

4. I \couldn't seethe °oor becauseof the thicknessof the smoke." (After the \Hilton
Hotel Fire" in Las Vegas.)

5. \The club had two exits, but the youngpeoplehadaccessto only one,saidNarend
Singh,provincial minister for agriculture and environmental a®airs.However, the
club's owner, Rajan Naidoo, said the club had four exits, and that all wereopen.
`I think the children panicked and headedfor the main entrance where they
initially camein,' he said." (After the \Durban Disco Stampede".)

2.3 Analogies with gases, °uids, and gran ular media

When the density is low, pedestrianscan move freely, and crowd dynamicscan be
comparedwith the behavior of gases.At medium and high densities, the motion
of pedestrian crowds shows somestriking analogieswith the motion of °uids and
granular °ows:

1. Footprints of pedestriansin snow look similar to streamlinesof °uids [34].
2. At borderlinesbetweenopposite directions of walking one can observe \viscous

¯ngering" [104,105].
3. The emergenceof pedestrianstreamsthrough standing crowds [94,18,19,45]ap-

pearsanalogousto the formation of river beds[106{108](seeFig. 2).
4. Similar to segregationor strati¯cation phenomenain granular media [109,110],

pedestriansspontaneouslyorganizein lanesof uniform walking direction, if the
pedestriandensity is high enough[2,18,19,43,45](seeFig. 3).

5. At bottlenecks (e.g.corridors,staircases,or doors), the passingdirection of pedes-
trians oscillates[46,47].This may be comparedto the \saline oscillator" [111]or
the granular \tic king hour glass" [112,113].
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Figure 2: The long-term photograph of a standing crowd in front of a cinema taken by
Thomas Arns shows that crossingpedestriansform a river-like stream (from [18,19,45]).

Figure 3: At su±ciently high densities,pedestriansform lanesof uniform walking direc-
tion (from [18,19,45]).



Simulation of Pedestrian Crowds in Normal and Evacuation Situations 9

6. Onecan ¯nd the propagationof shock wavesin densepedestriancrowds pushing
forward (seealso [114]).

7. The arching and clogging in panicking crowds [53] is similar to the out°ow of
rough granular media through small openings[115,116].

In summary, onecould say that °uid-dynamic analogieswork well in normal situa-
tions, while granular aspectsbecomeimportant in panic situations.

3 Generalized force mo del of pedestrian dynamics

3.1 The social force concept

Human behavior often seemsto be \chaotic", irregular, and unpredictable.So,why
andunderwhat conditionscanwemodel it by meansof forces?First of all, weneedto
beconfronted with a phenomenonof motion in some(quasi-)continuousspace,which
may be alsoan abstract behavioral spaceor opinion scale[34,117{119].Moreover, it
is favourableto have a systemwherethe °uctuations due to unknown in°uencesare
not large comparedto the systematic,deterministic part of motion. This is usually
the casein pedestrianand vehicletra±c, wherepeopleareconfronted with standard
situations and react automatically rather than taking complicateddecisionsbetween
various possiblealternatives.For example,an experienceddriver would not have to
think about the detailled actionsto be takenwhenturning, accelerating,or changing
lanes.

This automatic behavior can be interpreted as the result of a learning process
basedon trial and error [19], which can be simulated with evolutionary algorithms
[120{123].For example,pedestrianshave a preferred side of walking [2,4,8], since
an asymmetrical avoidance behavior turns out to be pro¯table [54]. The related
formation of a behavioral convention can be described by meansof evolutionary
gametheory [34,43,119,124{127].

Another requirement is the vectorial additivit y of the separateforce terms re-
°ecting di®erent environmental in°uences.This is probably an approximation, but
there is someexperimental evidencefor it. Basedon quantitativ e measurements for
animals and test personssubject to separatelyor simultaneously applied stimuli of
di®erent nature and strength, onecould show that the behavior in con°ict situations
can be described by a superposition of forces[128{130].This ¯ts well into a concept
by Lewin [131], accordingto which behavioral changesare guided by so-calledso-
cial ¯elds or social forces, which has beenput into mathematical terms by Helbing
[34,43,47,117{119].In somecases,social or behavioral forces, which determine the
amount anddirection of systematicbehavioral changes,canbeexpressedasgradients
of dynamically varying potentials, which re°ect the social or behavioral ¯elds result-
ing from the interactionsof individuals. The behavioral forceconceptwasapplied to
opinion formation [34,117{119]and migration [34,118,119],but it was particularly
successfulin the description of pedestrianand vehicletra±c [43,46,47,132,133].

For reliable simulations of pedestriancrowds we do not needto know whether a
certain pedestrian,say, turns to the right at the next intersection. It is su±cient to
have a good estimatewhat percentageof pedestriansturns to the right. This can be
either empirically measuredor calculatedby meansof route choicemodels like the
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oneby Borgersand Timmermans [31,32].In somesense,the uncertainty about the
individual behaviors is averagedout at the macroscopiclevel of description, as in
°uid dynamics.Nevertheless,insteadof a °uid-dynamic model, we will usethe more
°exible microscopicsimulation approach basedon the generalizedforce concept.
According to this, the temporal changeof the location x i (t) of pedestrian i obeys
the equation of motion

dx i (t)
dt

= v i (t) : (1)

Moreover, if f i (t) denotesthe sumof forcesin°uencing pedestriani , mi is the massof
pedestriani , and »i (t) are individual °uctuations re°ecting unsystematicbehavioral
variations, the velocity changesare given by the acceleration equation

mi
dv i

dt
= f i (t) + »i (t) : (2)

Particular advantagesof this approach are that we can take into account

{ the °exible usageof spaceby pedestrians,requiring a (quasi-)continous treatment
of motion, and

{ excluded volume e®ectsdue to granular properties of panicking pedestrian
crowds.

It turns out that thesepoints are essential to reproduce the above mentioned phe-
nomenain a natural way.

3.2 Social force mo del for normal pedestrian dynamics

We will now describe the di®erent motivations of and in°uenceson a pedestriani by
separateforce terms. First of all, the desireto adapt the actual velocity v i (t) to the
desiredspeedv0

i and direction e0
i (t) within a certain \relaxation time" ¿i is re°ected

by the acceleration term [v0
i (t)e0

i (t) ¡ v i (t)]=¿i . Herein, the contribution v0
i (t)e0

i (t)=¿i

can be interpreted as driving term, while ¡ v i (t)=¿i has the meaning of a friction
term with friction coe±cient 1=¿i .

Next, the tendencyof pedestriansto keepa certain distanceto other pedestrians
(\territorial e®ect")may be described by repulsive social forces

f soc
ij (t) = A i exp[(r ij ¡ dij )=Bi ]n ij

µ
¸ i + (1 ¡ ¸ i )

1 + cos(' ij )
2

¶
: (3)

Herein, A i denotesthe interaction strength and B i the rangeof the repulsive inter-
actions, which are culture-dependent and individual parameters.dij (t) = kx i (t) ¡
x j (t)k is the distancebetweenthe centersof massof pedestriansi and j , r ij = (r i + r j )
the sum of their radii r i and r j , and

n ij (t) =
¡
n1

ij (t); n2
ij (t)

¢
=

x i (t) ¡ x j (t)
dij (t)

(4)

the normalized vector pointing from pedestrian j to i . Finally, with the choice
¸ i < 1, we can re°ect the anisotropic character of pedestrian interaction. In other
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words, with the parameter ¸ i we can model that the situation in front of a pedes-
trian has a larger impact on his or her behavior than things happening behind.
The angle ' ij (t) denotesthe angle between the direction ei (t) = v i (t)=kv i (t)k of
motion and the direction ¡ n ij (t) of the object exerting the repulsive force, i.e.
cos' ij (t) = ¡ n ij (t) ¢ei (t). One may, of course,take into account other details such
as a velocity-dependenceof the forcesand non-circular shaped pedestrian bodies,
but this doesnot have qualitative e®ectson the dynamical phenomenaresulting in
the simulations. In fact, most observed self-organizationphenomenaarequite insen-
sitive to the speci¯cation of the interaction forces,as di®erent studies have shown
[47,49,51{53].

In addition, wemay alsotake into account time-dependent attractiv e interactions
towards window displays, sights, or special attractions k by social forces f att

ik (t)
of the type (3). However, comparedwith repulsive interactions, the corresponding
interaction range B ik is usually larger and the strength parameter A ik (t) typically
smaller, negative, and time-dependent. Additionally , the joining behavior [134] of
families, friends, or tourist groups can be re°ected by forcesof the type f att

ij (t) =
¡ Cij n ij (t), which guarantee that acquainted individuals join again, after they have
accidentally beenseparatedby other pedestrians.

In summary, the force model of pedestrian motion in normal situations corre-
sponds to Eqs. (1) and (2) with

f i (t) =
v0

i (t)e0
i (t) ¡ v i (t)

¿i
+

X

j (6= i )

[f soc
ij (t) + f att

ij (t)] +
X

b

f ib(t) +
X

k

f att
ik (t) : (5)

In the following, wewill usea simpli¯ed versionof this model by dropping attraction
e®ectsand assuming¸ i = 0, so that the interaction forcesbecomeisotropic and
conform with Newton's 3rd law.

3.3 Force mo del for panic king pedestrians

Additional, physical interaction forcesf ph
ij comeinto play when pedestriansget so

closeto each other that they have physical contact (r ij ¸ dij ). In this case,which
is mainly relevant to panic situations, we assumealsoa \body force" k(r ij ¡ dij ) n ij

counteracting body compressionand a \sliding friction force" · (r ij ¡ dij ) ¢v t
j i t ij im-

pedingrelative tangential motion. Inspired by the formulas for granular interactions
[115,116],we assume

f ph
ij (t) = k£ (r ij ¡ dij )n ij + ·£ (r ij ¡ dij )¢v t

j i t ij ; (6)

where the function £ (z) is equal to its argument z, if z ¸ 0, otherwise 0. More-
over, t ij = (¡ n2

ij ; n1
ij ) meansthe tangential direction and ¢v t

j i = (v j ¡ v i ) ¢t ij the
tangential velocity di®erence,while k and · represent large constants.

Strictly speaking, friction e®ectsalready set in before pedestrianstouch each
other, becauseof the psychological tendency not to passother individuals with a
high relative velocity, when the distance is small. This is, however, not important
for the e®ectswe are going to reproduce later on.

The interactions with the boundariesof walls and other obstaclesare treated
analogouslyto pedestrianinteractions, i.e., if dib(t) meansthe distanceto boundary
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b, n ib(t) denotesthe direction perpendicular to it, and t ib(t) the direction tangential
to it, the corresponding interaction force with the boundary reads

f ib = f A i exp[(r i ¡ dib)=Bi ] + k£ (r i ¡ dib)gn ib ¡ ·£ (r i ¡ dib)(v i ¢t ib) t ib : (7)

Finally, ¯re fronts are re°ected by repulsive social forcessimilar thosedescribing
walls, but they are much stronger. The physical interactions, however, are qualita-
tiv ely di®erent, as people reached by the ¯re front becomeinjured and immobile
(vi = 0).

4 Simulation results

The generalizedforce model of pedestriandynamicshas beensimulated on a com-
puter for a large number of interacting pedestriansconfronted with di®erent sit-
uations. In spite of its simpli¯cations, it describes a lot of observed phenomena
quite realistically. Especially, it allows us to explain various self-organizedspatio-
temporal patterns that are not externally planned,prescribed, or organized,e.g.by
tra±c signs,laws, or behavioral conventions. Instead, the spatio-temporal patterns
discussedbelow emergedue to the non-linear interactions of pedestrianseven with-
out assumingstrategical considerationsor communication of pedestrians.Many of
thesecollective patterns of motion aresymmetry-breakingphenomena,although the
model wasformulated completelysymmetric with respect to the right-hand and the
left-hand side [18,19,45,48].

4.1 Self-organized pedestrian dynamics in normal situations

Lane formation. Our microsimulations reproduce the empirically observed for-
mation of lanes consisting of pedestrianswith the samedesiredwalking direction
[18,19,44,46{51](seeFig. 4). For open boundary conditions, theselanesare dynam-
ically varying. Their number dependson the width of the street [18,47],on pedes-
trian density, and on the noiselevel. Interestingly, one¯nds a noise-induced ordering
[51,135]:Comparedto small noiseamplitudes, medium onesresult in a more pro-
nouncedsegregation(i.e., a smaller number of lanes),while large noiseamplitudes
lead to a \freezing by heating" e®ect(seeFig. 7).

Figure 4: Formation of lanesin initially disorderedpedestriancrowds with opposite walk-
ing directions (after [52,136]; cf. also [46,47,95,99,136]).White disks represent pedestri-
ans moving from left to right, black ones move the other way round. Lane formation
does not require the periodic boundary conditions applied above, see the Java applet
http://www.helbing.org/Pedestrians/Corridor.html .
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The conventional interpretation of lane formation assumesthat pedestrianstend
to walk on the side which is prescribed in vehicular tra±c. However, the above
model can explain lane formation even without assuminga preferencefor any side
[51,52].The most relevant point is the higher relative velocity of pedestrianswalking
in opposite directions. Pedestriansmoving against the stream or in areasof mixed
directions of motion will have frequent and strong interactions. In each interaction,
the encountering pedestriansmove a little aside in order to passeach other. This
sidewards movement tends to separateoppositely moving pedestrians,which leads
to segregation.The resulting collective pattern of motion minimizes the frequency
and strength of avoidancemaneuvers, if °uctuations are weak. Assuming identical
desiredvelocities v0

i = v0, the most stable con¯guration correspondsto a state with
a minimization of the averageinteraction strength

¡
1
N

X

i 6= j

¿f ij ¢e0
i ¼

1
N

X

i

(v0 ¡ v i ¢e0
i ) = v0(1 ¡ E) : (8)

It is related with a maximum e±ciency

E =
1
N

X

i

v i ¢ei

v0
(9)

of motion corresponding to optimal self-organization [51], where the e±ciency E
with 0 · E · 1 describes the averagefraction of the desiredspeedv0 with which
pedestriansactually approach their destinations(N =

P
i 1 is the respectivenumber

of pedestriansi ). As a consequence,laneformation \globally" maximizesthe average
velocity into the respectively desireddirection of motion, although the model does
not even assumethat pedestrianswould try to optimize their behavior locally. This
is a consequenceof the symmetrical interactions among pedestrianswith opposite
walking directions. One can even show that a large classof driven many-particle
systems,if they self-organizeat all, tend to globally optimize their state [51].

Finally, note that lane formation is hard to describe by cellular automata. How-
ever, Burstedde et al. have recently found a way to reproduce this collective phe-
nomenonby introducing an additional °oor ¯eld inspired by trail formation models
[97,137,138,45],which mimics individual intelligence.In the limit of vanishingdi®u-
sionand fast decay of the °oor ¯eld, this cellular automaton is similar to Helbingand
Bolay's implementation of an e±cient, discretizedversionof the social force model
[54], wherethe interaction e®ectsof boundariesand pedestriansare represented by
a global potential. Someinteractive Java applets basedon this model are available
at www.helbing.org .

Oscillations at bottlenec ks. In simulations of bottlenecks like doors, we observe
oscillatory changesof the passingdirection, if people do not panic [18,19,44,46{
50] (seeFig. 5). Once a pedestrian is able to passthe narrowing, pedestrianswith
the samewalking direction can easily follow. Hence,the number and \pressure" of
waiting and pushingpedestriansbecomeslessthan on the other sideof the narrow-
ing where, consequently, the chanceto occupy the passagegrows. This leads to a
deadlock situation which is followed by a changein the passingdirection.
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Figure 5: Oscillations of the passing direction at a bottleneck (after [95,99,136];
cf. also [46,47]). Dynamic simulations are available at http://www.helbing.org/
Pedestrians/Door.html .

Dynamics at in tersections. At intersectionsone is confronted with various al-
ternating collective patterns of motion which are very short-lived and unstable.For
example,phasesduring which the intersection is crossedin \v ertical" or \horizon-
tal" direction alternate with phasesof temporary roundabout tra±c (seeFig. 6)
[46,44,18,49,50,48,19].This self-organizedround-about tra±c is similar to the emer-
gent rotation found for self-driven particles [139].It is connectedwith small detours
but decreasesthe frequencyof necessarydeceleration,stopping, and avoidancema-
neuversconsiderably, so that pedestrianmotion becomesmore e±cient on average.

Figure 6: Self-organized,short-lived roundabout tra±c in intersecting pedestrianstreams
(from [18,19,44,48,95];seealso [46,49,50]).

4.2 Collectiv e phenomena in panic situations

In panic situations (e.g. in somecasesof emergencyevacuation) the following char-
acteristic featuresof pedestrianbehavior are often observed:
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1. Peopleare getting nervous, resulting in a higher level of °uctuations.
2. They are trying to escape from the sourceof panic, which can be re°ected by a

signi¯cantly higher desiredvelocity.
3. Individuals in complexsituations, who do not know what is the right thing to do,

orient at the actions of their neighbours, i.e. they tend to do what other people
do. We will describe this by an additional herding interaction, but attractiv e
interactions have probably a similar e®ect.

We will now discussthe fundamental collective e®ectswhich °uctuations, increased
desiredvelocities, and herding behavior can have. In contrast to other approaches,
we do not assumeor imply that individuals in panic or emergencysituations would
behave relentlessand asocial, although they sometimesdo.

\F reezing by heating". The e®ectof getting nervous has been investigated in
Ref. [52]. Let us assumethe individual level of °uctuations is given by

´ i = (1 ¡ ni )´ 0 + ni ´ max ; (10)

where ni with 0 · ni · 1 measuresthe nervousnessof pedestrian i . The parame-
ter ´ 0 meansthe normal and ´ max the maximum °uctuation strength. It turns out
that, at su±ciently high pedestriandensities,lanesare destroyed by increasingthe
°uctuation strength (which is analogousto the temperature). However, instead of
the expectedtransition from the \°uid" lane state to a disordered,\gaseous"state,
a solid state is formed. It is characterized by a blocked situation with a regular
(i.e. \crystallized" or \frozen") structure so that we call this paradoxial transition
\fr eezing by heating" (seeFig. 7). Notably enough,the blocked state has a higher
degreeof order, although the internal energyis increased and the resulting state is
metastablewith respect to structural perturbations such as the exchangeof oppo-
sitely moving particles [52].Therefore,\freezing by heating" is just opposite to what
onewould expect for equilibrium systems,and di®erent from °uctuation-driv en or-
dering phenomenain somegranular systems[140{142],where°uctuations lead from
a disorderedmetastableto an orderedstablestate [135].

Figure 7: Noise-inducedformation of a crystallized, \frozen" state in a periodic corridor
usedby oppositely moving pedestrians(after [52,95,99,136]).

The precondition for the unusual freezing-by-heating transition are the driving
term v0

i e0
i =¿i and the dissipative friction ¡ v i =¿i , while the sliding friction forceis not

required. Inhomogeneitiesin the channel diameter or other impurities which tem-
porarily slow down pedestrianscan further this transition at the respective places.
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Finally note that a transition from °uid to blocked pedestriancounter °ows is also
observed, when a critical density is exceeded[52,59].

Transition to inco ordination due to clogging. The simulated out°ow from a
room is well-coordinated and regular, if the desiredvelocities v0

i = v0 are normal.
However, for desiredvelocities above 1.5 m/s, i.e. for peoplein a rush, we ¯nd an
irregular successionof arch-like blockings of the exit and avalanche-like bunches
of leaving pedestrians,when the arches break (seeFig. 8a, b). This phenomenon
is compatible with the empirical observations mentioned above and comparableto
intermittent cloggingfound in granular °ows through funnels or hoppers [115,116]
(although this hasbeenattributed to static friction betweenparticleswithout remote
interactions, and the transition to clogging has been observed for small enough
openingsrather than for a variation of the driving force).
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Figure 8: Simulation of pedestriansmoving with identical desiredvelocity v0
i = v0 towards

the 1 m wide exit of a room of size15 m £ 15 m (from [53], seealso[95,99,136]).a Snapshot
of the scenario.Dynamic simulations are available at http://angel.elte.hu/ ~panic/ .
b Illustration of leaving times of pedestrians for various desired velocities v0. Irregular
out°ow due to clogging is observed for high desired velocities (v0 ¸ 1:5 m/s, seedark
plusses).c Under conditions of normal walking, the time for 200 pedestriansto leave the
room decreaseswith growing v0. Desiredvelocities higher than 1.5m/s reducethe e±ciency
of leaving, which becomesparticularly clear, when the out°ow J is divided by the desired
velocity (seed). This is due to pushing, which causesadditional friction e®ects.Moreover,
above a desired velocity of about v0 = 5 m/s ({ {), people are injured and becomenon-
moving obstaclesfor others, if the sum of the magnitudes of the radial forces acting on
them divided by their circumferenceexceedsa pressureof 1600N/m [98].
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\F aster-is-slo wer e®ect" due to impatience. Sincecloggingis connectedwith
delays, trying to move faster (i.e., increasingv0

i ) can causea smaller averagespeed
of leaving, if the friction parameter · is large enough(seeFig. 8c, d). This \faster-
is-slower e®ect" is particularly tragic in the presenceof ¯res, where °eeing people
sometimesreducetheir own chancesof survival. The related fatalities can be esti-
mated by the number of pedestriansreached by the ¯re front (seeFig. 9).
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Figure 9: Simulation of N = 200 individuals °eeing from a linear ¯re front, which prop-
agates from the left to the right wall with velocity V , starting at time t = 5 s [99] (for
a Java simulation applet, seehttp://angel.elte.hu/ ~panic/ ). a Snapshot of the sce-
nario for a 15 m £ 15 m large room with one door of width 1 m. The ¯re is indicated by
dark grey color. Pedestriansreached by the ¯re front are injured and symbolized by black
disks, while the white onesare still active. The socio-psychological e®ectof the ¯re front is
assumed10 times stronger than that of a normal wall (AF = 10A i ). b Number of injured
persons(casualities) asa function of the propagation velocity V of the ¯re front, averaged
over 10 simulation runs. Up to a critical propagation velocity Vcrit (here: about 0.1 m/s),
nobody is injured. However, for higher velocities, we ¯nd a fast increaseof the number of
casualtieswith increasingV . The transition is continuous.

Sinceour friction term has, on average,no deceleratione®ectin the crowd, if
the walls are su±ciently remote, the arching underlying the clogginge®ectrequires
a combination of several e®ects:

1. slowing down due to a bottleneck such as a door and
2. strong inter-personalfriction, which becomesdominant whenpedestriansget too

closeto each other. It is noteworthy that the faster-is-slower e®ectalso occurs
whenthe sliding friction forcechangescontinuouslywith the distancerather than
being \switc hed on" at a certain distancer j as in the model above.

The dangerof cloggingcan be minimized by avoiding bottlenecks in the construc-
tion of stadia and public buildings. Notice, however, that jamming can also occur
at wideningsof escape routes!This surprising result is illustrated in Fig. 10. It orig-
inates from disturbancesdue to pedestrians,who try to overtake each other and
expand in the wide area becauseof their repulsive interactions. They squeezeinto
the main stream again at the end of the widening, which acts like a bottleneck and
leadsto jamming. The corresponding drop of e±ciency E is more pronounced,
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1. if the corridor is narrow,
2. if the pedestrianshave di®erent or high desiredvelocities, and
3. if the pedestriandensity in the corridor is high.
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Figure 10: Simulation of an escape route with a wider area(from [53,99],seealsothe Java
applets supplied at http://angel.elte.hu/ ~panic/ ). a Illustration of the scenariowith
v0

i = v0 = 2 m/s. The corridor is 3 m wide and 15 m long, the length of the triangular
piecesin the middle being 2£ 3 m = 6 m. Pedestrians enter the simulation area on the
left-hand side with an in°ow of J = 5:5 s¡ 1m¡ 1 and °ee towards the right-hand side. b
E±ciency of leaving as a function of the angle Á characterizing the width of the central
zone, i.e., the di®erencefrom a linear corridor. The relative e±ciency E = hv i ¢e0

i i =v0
measuresthe averagevelocity along the corridor comparedto the desiredvelocity and lies
between0 and 1 (|). While it is almost one (i.e., maximal) for a linear corridor (Á = 0),
the e±ciency drops by about 20%, if the corridor contains a widening. The decreaseof
e±ciency E is even more pronouncedin the area of the widening where pedestrian °ow is
most irregular ({ {).

\Phan tom panics". Sometimes,panicshave occuredwithout any comprehensible
reasonssuch as a ¯re or another threatening event (e.g., in Moscow, 1982; Inns-
bruck, 1999).Due to the \faster-is-slower e®ect",panicscan be triggered by small
pedestrian counter°ows [78], which causedelays to the crowd intending to leave.
Consequently, stopped pedestriansin the back, who do not seethe reasonfor the
temporary slowdown, are getting impatient and pushy. In accordancewith observa-
tions [43,18],one may describe this by increasingthe desiredvelocity, for example,
by the formula

v0
i (t) = [1 ¡ ni (t)]v0

i (0) + ni (t)vmax
i : (11)

Herein,vmax
i is the maximum desiredvelocity and v0

i (0) the initial one,corresponding
to the expectedvelocity of leaving. The time-dependent parameter

ni (t) = 1 ¡
vi (t)
v0

i (0)
(12)

re°ects the nervousness,where vi (t) denotes the average speed into the desired
direction of motion. Altogether, long waiting times increasethe desired velocity,
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which can produceine±cient out°ow. This further increasesthe waiting times, and
soon, sothat this tragic feedback caneventually trigger sohigh pressuresthat people
are crushedor falling and trampled. It is, therefore,imperative, to have su±ciently
wide exits and to prevent counter°ows, when big crowds want to leave [53].

Ignorance of available exits. Finally, we investigatea situation in which pedes-
trians are trying to leave a smoky room, but ¯rst have to ¯nd one of the invisible
exits (seeFig. 11a). Each pedestrian i may either selectan individual direction ei

or follow the averagedirection he0
j (t)i i of his neighbours j in a certain radius Ri

[143,144],or try a mixture of both. We assumethat both options are weighted with
the nervousnessni :

e0
i (t) = N

£
(1 ¡ ni ) ei + ni he0

j (t)i i
¤

; (13)

where N (z) = z=kzk denotesthe normalization of a vector z. As a consequence,
we have individualistic behavior if ni is low, but herding behavior if ni is high. (In
a somewhatdi®erent szenario,onemay simulate a crowd with a proportion (1 ¡ n)
of individualists and a proportion n of herd followers.)

Our model suggeststhat neither individualistic nor herding behavior performs
well (seeFig. 11b).Pure individualistic behavior meansthat each pedestrian¯nds an
exit only accidentally, while pure herding behavior implies that the completecrowd
is eventually moving into the sameand probably blocked direction, sothat available
exits arenot e±ciently used,in agreement with observations. According to Figs. 11b
and c, we expect optimal chancesof survival for a certain mixture of individualistic
and herding behavior, where individualism allows somepeople to detect the exits
and herding guarantees that successfulsolutions are imitated by small groups of
others. If pedestriansfollow the walls instead of \re°ecting" at them, we expect
that herd following causesjamming and ine±cient useof doors as well (seeFig. 8),
while individualists moving in opposite directions obstruct each other.

5 Optimization of pedestrian °o ws

The emergingpedestrian°owsdecisively dependon the geometryof the boundaries.
They can be simulated on a computer already in the planning phaseof pedestrian
facilities. Their con¯guration and shape can be systematicallyvaried, e.g.by means
of evolutionary algorithms [121,123,54](seeFig. 12), and evaluated on the basisof
particular mathematical performancemeasures[18,48].Apart from the e±ciency E
with 0 · E · 1 de¯ned in formula (9), we can, for example,de¯ne the measure of
comfort C = (1 ¡ D) via the discomfort

D =
1
N

X

i

(v i ¡ v i )2

(v i )2
=

1
N

X

i

Ã

1 ¡
v i

2

(v i )2

!

: (14)

The latter is againbetween0 and 1 and re°ects the frequencyand degreeof sudden
velocity changes,i.e. the level of discontinuity of walking due to necessaryavoidance
maneuvers.Hence,the optimal con¯guration regardingthe pedestrianrequirements
is the onewith the highest valuesof e±ciency and comfort.

During the optimization procedure,someor all of the following can be varied:
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Figure 11: Simulation of N = 90 pedestrians trying to escape a smoky room of area
A = 15m£ 15 m (black) through two smoke-hiddendoors of 1.5m width, which have to be
found with a mixture of individualistic and herding behavior (from [53,95,99]).Java applets
are available at http://angel.elte.hu/ ~panic/ . a Snapshotof the simulation with v0

i =
v0 = 5 m/s. Initially , each pedestrianselectshis or her desiredwalking direction randomly.
Afterwards, a pedestrian's walking direction is in°uenced by the averagedirection of the
neighbours within a radius of, for example, R i = R = 5 m. The strength of this herding
e®ectgrows with increasing nervousnessparameter n i = n and increasing value of h =
¼R2½, where ½= N=A denotes the pedestrian density. When reaching a boundary, the
direction of a pedestrian is re°ected. If oneof the exits is closerthan 2 m, the room is left.
b Number of people who manageto escape within 30 s as a function of the nervousness
parameter n. c Illustration of the time required by 80 individuals to leave the smoky room.
If the exits are relatively narrow and the degreen of herding is small or large, leaving takes
particularly long, so that only someof the peopleescape beforebeing poisonedby smoke.
Our resultssuggestthat the bestescapestrategy is a certain compromisebetweenfollowing
of others and an individualistic searching behavior. This ¯ts well into experimental data
on the e±ciency of group problem solving [145{147], according to which groups normally
perform better than individuals, but massesare ine±cient in ¯nding new solutions to
complex problems. d Absolute di®erencejN1 ¡ N2j in the numbers N1 and N2 of persons
leaving through the left exit or the right exit as a function of the degreen of herding.
We ¯nd that pedestrians tend to jam up at one of the exits instead of equally using all
available exits, if the nervousnessis large.

1. the location and form of plannedbuildings,
2. the arrangement of walkways, entrances, exits, staircases,elevators, escalators,

and corridors,
3. the shape of rooms,corridors, entrances,and exits,
4. the function and time scheduleof room usage.(Recreationroomsor restaurants

are continuously frequented, rooms for conferencesor special events are mainly
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Figure 12: Di®erent phasesin the evolutionary optimization of a bottleneck (from [54,19]).

visited and left at peakperiods, exhibition roomsor roomsfor festivities require
additional spacefor people standing around, and some areas are claimed by
queuesor through tra±c.)

The proposedoptimization procedurecan not only be applied to the designof new
pedestrianfacilities but alsoto a reduction of existing bottlenecks by suitable mod-
i¯cations.

5.1 Normal situations

Here,we discussfour simpleexamplesof how to improve somestandard elements of
pedestrianfacilities ([18]; seeFig. 13):

1. At high pedestriandensities,the lanesof uniform walking direction tend to dis-
turb each other: Impatient pedestrianstry to useany gap for overtaking, which
often leads to subsequent obstructions of the opposite walking directions. The
lanescan be stabilized by seriesof trees or columns in the middle of the road
(seeFig. 13a) which, in walking direction, looks similar to a wall (seeFig. 14).
Also, it takessomedetour to reach the other side of the permeablewall, which
makesit lessattractiv e to usegapsoccuring in the opposite pedestrianstream.

2. The °ow at bottlenecks can be improved by a funnel-shaped construction (see
Fig. 13b) which, at the sametime, allows one to save expensive space.Inter-
estingly, the optimal form resulting from an evolutionary optimization is convex
[54] (seeFig. 12).

3. A broaderdoor doesnot necessarilylead to a proportional increaseof pedestrian
°ow through it. It may rather lead to more frequent changesof the walking
direction which are connectedwith temporary deadlock situations. Therefore,
two doors closeto the walls are more e±cient than one singledoor with double
width. By self-organization,each door is usedby onewalking direction [18,48{50],
which is related to lane formation (seeFig. 15).
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Figure 13: Conventional (left) and improved (right) elements of pedestrians facilities:
a ways, b bottlenecks, and c intersections (from [18,19]). The exclamation marks stand
for attraction e®ects(e.g. interesting posters above the street). Empty circles represent
columns or trees, while full circles with arrows symbolize pedestriansand their walking
directions.

4. Oscillatory changesof the walking direction and periods of standstill in between
also occur when di®erent °ows cross each other. The loss of e±ciency caused
by this can be reducedby psychologicalguiding measuresor railings initializing
roundabout tra±c (seeFig. 13c).Roundabout tra±c canalreadybe inducedand
stabilized by planting a tree in the middle of a crossing,becauseit surpresses
the phasesof \v ertical" or \horizontal" motion in the intersection area. In our
simulations this increasede±ciency up to 13%.

The complex interaction betweenvarious °ows can lead to completely unexpected
results due to the nonlinearity of dynamics. (A very impressive and surprising re-
sult of evolutionary form optimization is presented by Klockgether and Schwefel in
Ref. [120].) This means,planning of pedestrian facilities with conventional meth-
ods doesnot always guarantee the avoidanceof big jams, seriousobstructions, and
catastrophic blockages(especially in emergencysituations). In contrast, a skilful
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Figure 14: Thesephotographsof a pedestriantunnel connectingtwo subways in Budapest
at De¶ak t¶er illustrates that a seriesof columns acts similar to a wall and stabilizes lanes
by preventing that their width exceedshalf of the total width of the walkway.

Figure 15: If two alternativ e passageways are available, pedestrianswith opposite walking
directions usedi®erent doors as a result of self-organization (after [18,19,45,48{50,95]).

°ow optimization not only enhancese±ciency but alsosavesspacethat can be used
for kiosks,benches,or other purposes[18].

5.2 Panic situations

Similar design strategies can be developed for panic situations, where signi¯-
cantly improved out°ows can be reached by columns placed asymmetrically in
front of the exits [53,99]. These can prevent the build up of fatal pressuresin
exit areas and, thereby, also reduce injuries (see Fig. 16 and the Java applets
at http://angel.elte.hu/ ~panic/ ). The asymmetrical placement helps to avoid
equilibria of forces(blockages).

Additionally , onecanguidepeopleinto the directionsof usableexits by meansof
optical and acousticstimuli, i.e. by suitablearrangements of light and soundsources.

6 Summary and outlo ok

We have developed a continuous pedestrianmodel basedon plausible interactions,
which is, due to its simplicity, robust with respect to parameter variations. It was
pointed out that pedestrian dynamics shows various collective phenomena,which
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t = 43
N = 159
V0 = 5
Inj.: 4

a b

Figure 16: a In panicking crowds, high pressuresbuild up due to physical interactions.
This can injure people(black disks), who turn into obstaclesfor other pedestrianstrying
to leave (seealso the lower curve in Fig. 8c). b A column in front of the exit (large black
disk) can avoid injuries by taking up pressurefrom behind. It can also increasethe out°ow
by 50%.In large exit areasusedby many hundret people,several randomly placedcolumns
are neededto subdivide the crowd and the pressure.An asymmetric con¯guration of the
columns is most e±cient, as it avoids equilibria of forceswhich may temporarily stop the
out°ow. (From [99].)

every simulation model should reproduce in order to be realistic. For example, in
normal situations one¯nds

1. lane formation and
2. oscillatory °ows through bottlenecks.

Theseand other empirical ¯ndings can be well described by our microscopicsim-
ulations of pedestrian streams basedon a generalizedforce model. According to
this model, the collective patterns of motion can be interpreted asself-organization
phenomena,arising from the non-linear interactions amongpedestrians.

We underline that self-organized°ow patterns can signi¯cantly changethe ca-
pacities of pedestrian facilities. They often lead to undesireableobstructions, but
they can also be utilized to reach more e±cient pedestrian °ows with lessspace.
Applications to the optimization of pedestrian facilities are, therefore, quite natu-
ral.

The proposedforcemodel is alsosuitable for drawing conclusionsabout the pos-
siblemechanismsbeyond escape panic (regardingan increaseof the desiredvelocity,
strong friction e®ectsduring physical interactions, and herding). After calibration
of the model parametersto available data on pedestrian°ows, we managedto re-
producemany observed phenomenaincluding

1. the breakdown of °uid lanes(\freezing by heating"),
2. the build up of fatal pressures,
3. clogginge®ectsat bottlenecks,
4. jamming at widenings,
5. the \faster-is-slower e®ect",
6. \phantom panics" triggered by counter°ows and impatience,and
7. the ignoranceof available exits due to herding.

The underlying behavior could be called \irr ational", as all of thesee®ects decrease
the chancesof survival compared to normal pedestrian behavior. Wewerealsoableto
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simulate situations of dwindling resourcesand estimate the casualties(seeFigs. 8c
and 9). Therefore,the model could be usedto test buildings for their suitabilit y in
emergencysituations. It accounts for the considerablydi®erent dynamics both in
normal and panic situations just by changinga singleparametern i = n. In this way,
we have proposeda consistent theoretical approach allowing a continuousswitching
betweenseeminglyincompatiblekinds of humanbehavior (individualistic, \rational"
behavior vs. \irrational" panicbehavior). Thereby, however, wedo not want to imply
that individuals would alwaysbehaveirr ational in emergencysituations. It hasbeen
observed that, even in such situations individuals can behave highly self-controlled,
coordinated, rational, and social. Our study just investigatesthe fundamental col-
lective e®ectswhich °uctuations, increaseddesiredvelocities, and herding behavior
can have, independently of whether all criteria of panicsare ful¯lled or not.

Webelievethat the abovemodel canserveasan examplelinking collectivebehav-
ior as a phenomenonof masspsychology (from the socio-psychologicalperspective)
to the view of an emergent collective pattern of motion (from the perspective of
physics).Our simulations suggestthat the optimal behavior in escape situations is a
suitablemixture of individualistic and herdingbehavior. This conclusionis probably
transferableto many casesof problem solving in newand complexsituations, where
standard solutionsfail. It may explain why both, individualistic and herding behav-
iors are commonin human societies.For example,herding behavior is also relevant
to fashion and stock market dynamics (seeRefs. [99,148{153]).Apart from that,
the competition of moving particles for limited spaceis analogousto the situation
in various socio-economicsystems,where individuals or other entities compete for
limited resourcesas well. Therefore, conclusionsfrom the above ¯ndings for self-
driven many-particle systemsreach far into the realm of the social, economic,and
psychological sciences.

Finally, we are calling for quantitativ e data and, as far as possible,experimen-
tal studies of panic situations to make this model even more realistic. For exam-
ple, one could include direction- and velocity-dependent interpersonalinteractions,
specify the individual variation of parameters, integrate acoustic information ex-
change,implement morecomplexstrategiesand interactions(alsothree-dimensional
ones), or allow for switching of strategies.One should also complement the pro-
gram by detailled ¯re and smoke propagation modules and model hazards, toxi-
city and behavioral reactions, as evacuation software tools like EXODUS do (see
http://fseg.gre.ac.uk/exodus ).

Ac knowledgmen ts. The authors are grateful to the Collegium Budapest|
Institute for AdvancedStudy for the warm hospitality and the excellent scienti¯c
working conditions.D.H. thanks the GermanResearch Foundation (DFG) for ¯nan-
cial support by the Heisenberg scholarship He 2789/1-1. T.V. and I.F. are grateful
for partial support by OTKA and FKFP. Last but not least,Tilo Grigat hashelped
with formatting this manuscript.



26 Dirk Helbing, Ill ¶esJ. Farkas, P¶eter Moln¶ar, and Tam¶as Vicsek

References

1. B. D. Hankin and R. A. Wright, Passenger°ow in subways, Operational Research
Quarterly 9, 81{88 (1958).

2. D. Oeding, Verkehrsbelastungund Dimensionierung von Gehwegen und anderen An-
lagen des Fu¼gÄangerverkehrs, in Stra¼enbau und Stra¼enverkehrstechnik, Heft 22
(Bundesministerium fÄur Verkehr, Abt. Stra¼enbau, Bonn, 1963).

3. L. A. Hoel, Pedestrian travel rates in central businessdistricts, Tra±c Engineering
38, 10{13 (1968).

4. S. J. Older, Movement of pedestrians on footways in shoppingstreets, Tra±c Engi-
neering & Control 10, 160{163 (1968).

5. P. D. Navin and R. J. Wheeler, Pedestrian °ow characteristics, Tra±c Engineering
39, 31{36 (1969).

6. R. L. Carstens and S. L. Ring, Pedestrian capacities of shelter entrances, Tra±c
Engineering 41, 38{43 (1970).

7. C. A. O'Flahert y and M. H. Parkinson, Movement on a city centre footway, Tra±c
Engineering & Control 13, 434{438 (1972).

8. U. Weidmann, Transporttechnik der Fu¼gÄanger, in Schriftenreihe des Instituts
fÄur Verkehrsplanung, Transporttechnik, Stra¼en- und Eisenbahnbau (Institut fÄur
Verkehrsplanung, Transporttechnik, Stra¼en-und Eisenbahnbau, ETH ZÄurich, 1993).

9. M. R. Hill, Walking, Crossing Streets, and Choosing Pedestrian Routes (University
of Nebraska, Lincoln, 1984).

10. M. Batt y, Predicting where we walk, Nature 388, 19{20 (1997).
11. J. J. Fruin, Designingfor pedestrians: A level-of-service concept, in HighwayResearch

Record, Number 355: Pedestrians, pp. 1{15 (Highway Research Board, Washington,
D.C., 1971).

12. A. Polus , J. L. Schofer, and A. Ushpiz, Pedestrian °ow and level of service, Journal
of Transportation Engineering 109, 46{56 (1983).

13. M. M¹ori and H. Tsukaguchi, A new method for evaluation of level of service in
pedestrian facilities, Transportation Research A 21, 223{234 (1987).

14. H. Schubert, Planungsma¼nahmenfÄur den Fu¼gÄangerverkehr in den StÄadten, in
Stra¼enbau und Stra¼enverkehrstechnik, Heft 56 (Bundesministerium fÄur Verkehr,
Abt. Stra¼enbau, Bonn, 1967).

15. D. Boeminghaus, Fu¼gÄangerbereiche + Gestaltungselemente(KrÄamer, Stuttgart,
1982).

16. J. Pauls, The movement of people in buildings and design solutions for means of
egress, Fire Technology 20, 27{47 (1984).

17. W. H. Whyte, City. Rediscovering the Center (Doubleday, New York, 1988).
18. D. Helbing, Verkehrsdynamik(Springer, Berlin, 1997).
19. D. Helbing, P. Moln¶ar, I. Farkas,and K. Bolay, Self-organizing pedestrian movement,

Environment and Planning B 28, xxx (2001).
20. H. Kirsch, LeistungsfÄahigkeit und Dimensionierung von Fu¼gÄangerwegen, in Stra¼en-

bau und Stra¼enverkehrstechnik, Heft 33 (Bundesministerium fÄur Verkehr, Abt.
Stra¼enbau, Bonn, 1964).

21. W. M. Predtetschenski and A. I. Milinski, PersonenstrÄome in GebÄauden { Berech-
nungsmethoden fÄur die Projektierung { (Rudolf MÄuller, KÄoln-Braunsfeld, 1971).

22. Transportation Research Board, Highway Capacity Manual, Special Report 209
(Transportation Research Board, Washington, D.C., 1985).

23. D. G. Davis and J. P. Braaksma, Adjusting for luggage-ladenpedestrians in airport
terminals, Transportation Research A 22, 375{388 (1988).



Simulation of Pedestrian Crowds in Normal and Evacuation Situations 27

24. W. Brilon, M. Gro¼mann,and H. Blanke, Verfahren fÄur die Berechnung der Leis-
tungsfÄahigkeit und QualitÄat des Verkehrsablaufesauf Stra¼en, in Stra¼enbau und
Stra¼enverkehrstechnik, Heft 669(Bundesministerium fÄur Verkehr, Abt. Stra¼enbau,
Bonn, 1993).

25. S. J. Yuhaski Jr., J. M. MacgregorSmith, Modelling circulation systemsin buildings
using state dependent queueingmodels, QueueingSystems4, 319{338 (1989).

26. J. R. Roy, Queuing in spatial ly dispersed public facilities, presented at the IV. World
Congress of the Regional Science Association International (Palma de Mallorca,
1992).

27. G. G. L¿vºas, Modelling and simulation of pedestrian tra±c °ow, Transportation
Research B 28, 429{443 (1994).

28. D. Garbrecht, Describing pedestrian and car trips by transition matrices, Tra±c
Quarterly 27, 89{109 (1973).

29. A. J. Mayne, Some further results in the theory of pedestrians and road tra±c ,
Biometrika 41, 375{389 (1954).

30. N. Ashford, M. O'Leary, and P. D. McGinit y, Stochastic modelling of passengerand
baggage°ows throughan airport terminal , Tra±c Engineering& Control 17, 207{210
(1976).

31. A. Borgersand H. Timmermans, A model of pedestrian route choice and demandfor
retail facilities within inner-city shoppingareas, GeographicalAnalysis 18, 115{128
(1986).

32. A. Borgersand H. Timmermans, City centre entry points, store location patterns and
pedestrian route choice behaviour: A microlevel simulation model, Socio-Economic
Planning Science20, 25{31 (1986).

33. H. Timmermans, X. van der Hagen, and A. Borgers, Transportation systems,retail
environments and pedestrian trip chaining behaviour: Modelling issuesand applica-
tions, Transportation Research B 26, 45{59 (1992).

34. D. Helbing, StochastischeMethoden, nichtlineare Dynamik und quantitative Modelle
sozialer Prozesse, Ph.D. thesis (University of Stuttgart, 1992,published by Shaker,
Aachen, 1993).

35. L. F. Henderson,The statistics of crowd °uids , Nature 229, 381{383 (1971).
36. L. F. Henderson,On the °uid mechanics of human crowd motion, Transportation

Research 8, 509{515 (1974).
37. L. F. Hendersonand D. J. Lyons,Sexualdi®erences in human crowd motion, Nature

240, 353-355(1972).
38. L. F. Henderson and D. M. Jenkins, Response of pedestrians to tra±c challenge,

Transportation Research 8, 71{74 (1973).
39. R. L. Hughes,The °ow of largecrowdsof pedestrians, Math. Comp. Simul. 53, 367{

370 (2000).
40. R. L. Hughes, A continuum theory for the °ow of pedestrians, Transportation Re-

search B, in print (2001).
41. D. Helbing, A °uid-dynamic model for the movement of pedestrians, Complex Sys-

tems 6, 391{415 (1992).
42. S. P. Hoogendoorn and P. H. L. Bovy, Gas-kinetic modelling and simulation of pedes-

trian °ows, Transportation Research Records1710, 28{36 (2000).
43. D. Helbing, A mathematical model for the behavior of pedestrians, Behavioral Science

36, 298{310 (1991).
44. D. Helbing, Tra±c modeling by means of physical concepts, in Tra±c and Granular

Flow, pp. 87{104, D. E. Wolf, M. Schreckenberg, and A. Bachem (Eds.) (World
Scienti¯c, Singapore, 1996).

45. D. Helbing, Pedestrian dynamicsand trail formation, pp. 21{36, in Tra±c and Gran-
ular Flow '97, M. Schreckenberg and D. E. Wolf (Eds.) (Springer, Singapore, 1998).



28 Dirk Helbing, Ill ¶esJ. Farkas, P¶eter Moln¶ar, and Tam¶as Vicsek

46. D. Helbing, P. Moln¶ar, and F. Schweitzer, Computer simulations of pedestrian dy-
namics and trail formation, in Evolution of Natural Structures, pp. 229{234(Sonder-
forschungsbereich 230, Stuttgart, 1994).

47. D. Helbing and P. Moln¶ar, Social force model for pedestrian dynamics, Physical Re-
view E 51, 4282{4286(1995).

48. D. Helbing and P. Moln¶ar, Self-organization phenomenain pedestrian crowds, in
Self-Organization of Complex Structures: From Individual to Collective Dynamics,
pp. 569{577, F. Schweitzer (Ed.) (Gordon and Breach, London, 1997).

49. P. Moln¶ar, Modellierung und Simulation der Dynamik von Fu¼gÄangerstrÄomen,
(Shaker, Aachen, 1996).

50. P. Moln¶ar, Micr osimulation of pedestrian dynamics in Social Science Micr osimula-
tion, J. Doran, N. Gilb ert, U. Mueller, and K. Troitzsch (Eds.) (Springer, Berlin,
1996).

51. D. Helbing and T. Vicsek, Optimal self-organization, New Journal of Physics1, 13.1{
13.17(1999).

52. D. Helbing, I. Farkas, and T. Vicsek, Freezing by heating in a driven mesoscopic
system, Physical Review Letters 84, 1240{1243(2000).

53. D. Helbing, I. Farkas, and T. Vicsek, Simulating dynamical features of escape panic,
Nature 407, 487{490 (2000).

54. K. Bolay, Nichtlineare PhÄanomenein einem °uid-dynamischen Verkehrsmodell (Mas-
ter's thesis, University of Stuttgart, 1998).

55. V. J. Blue and J. L. Adler, Emergent fundamental pedestrian °ows from cellular
automata microsimulation, Transportation Research Records1644, 29{36 (1998).

56. V. J. Blue and J. L. Adler, Using cellular automata microsimulation to model pedes-
trian movements, in Proceedings of the 14th International Symposium on Transporta-
tion and Tra±c Theory, pp. 235{254, A. Ceder (Ed.) (Pergamon,New York, N. Y.,
1999).

57. M. Fukui and Y. Ishibashi, Self-organized phase transitions in cellular automaton
modelsfor pedestrians, Journal of the Physical Society of Japan68, 2861{2863(1999).

58. M. Fukui and Y. Ishibashi, Jamming transition in cellular automaton models for
pedestrian on passageway, Journal of the Physical Society of Japan 68, 3738{3739
(1999).

59. M. Muramatsu, T. Irie, and T. Nagatani, Jamming transition in pedestrian counter
°ow, Physica A 267, 487{498 (1999).

60. M. Muramatsu and T. Nagatani, Jamming transition in two-dimensional pedestrian
tra±c , Physica A 275, 281{291 (2000).

61. M. Muramatsu and T. Nagatani, Jamming transition of pedestrian tra±c at a cross-
ing with open boundaries, Physica A 286, 377{390 (2000).

62. H. Kl Äupfel, M. Meyer-KÄonig, J. Wahle,and M. Schreckenberg,Micr oscopic simulation
of evacuationprocesseson passengerships, in Theory and Practical Issueson Cellular
Automata, S. Bandini and T. Worsch (Eds.) (Springer, London, 2000).

63. C. Burstedde,K. Klauck, A. Schadschneider,and J. Zittartz, Simulation of pedestrian
dynamics using a 2-dimensional cellular automaton, Physica A, in print (2001).

64. S. Gopal and T. R. Smith, NAVIGA TOR: An AI-based model of human way-¯nding
in an urban environment, in Spatial Choices and Processes, pp. 169{200, M. M.
Fischer, P. Nijkamp, and Y. Y. Papageorgiou(Eds.) (North-Holland, Amsterdam,
1990).

65. C. W. Reynolds, Evolution of corridor following behavior in a noisy world, in From
Animals to Animats 3: Proceedings of the Thir d International Conference on Simu-
lation of Adaptive Behavior, pp. 402{410,D. Cli®, P. Husbands,J.-A. Meyer, and S.
Wilson (Eds.) (MIT Press,Cambridge, Massachusetts, 1994).



Simulation of Pedestrian Crowds in Normal and Evacuation Situations 29

66. C. W. Reynolds,Steering behaviors for autonomouscharacters, in Proceedings of the
1999 Game Developer's Conference, pp. 763{782, A. Yu (Ed.) (Miller Freeman,San
Fransisco,1999).

67. T. Schelhorn, D. O'Sullivan, M. Haklay, and M. Thurstain-Goodwin, STREETS:
An agent-based pedestrian model, presented at the conferenceComputers in Urban
Planning and Urban Management(Venice,1999).

68. K. H. Drager, G. L¿vºas,J. Wiklund, H. Soma,D. Duong, A. Violas, and V. Lanµerµes,
EVACSIM|A comprehensiveevacuation simulation tool, in the Proceedings of the
1992 EmergencyManagementand Engineering Conference, pp. 101{108(Society for
Computer Simulation, Orlando, Florida, 1992).

69. M. Ebihara, A. Ohtsuki, and H. Iwaki, A model for simulating human behavior during
emergencyevacuationbased on classi¯catory reasoningand certainty value handling,
Microcomputers in Civil Engineering 7, 63{71 (1992).

70. N. Ketchell, S. Cole, D. M. Webber, C. A. Marriott, P. J. Stephens,I. R. Brearley,
J. Fraser, J. Doheny, and J. Smart, The EGRESS Code for human movement and
behaviour in emergencyevacuations, in Engineering for Crowd Safety, pp. 361{370,
R. A. Smith and J. F. Dickie (Eds.) (Elsevier, Amsterdam, 1993).

71. S. Okazaki and S. Matsushita, A study of simulation model for pedestrian movement
with evacuation and queuing, in Engineering for Crowd Safety, pp. 271{280, R. A.
Smith and J. F. Dickie (Eds.) (Elsevier, Amsterdam, 1993).

72. G. K. Still, New computer systemcan predict human behaviour response to building
¯r es, Fire 84, 40{41 (1993).

73. G. K. Still, Crowd Dynamics (Ph.D. thesis, University of Warwick, 2000).
74. P. A. Thompson and E. W. Marchant, Modelling techniquesfor evacuation, in Engi-

neering for Crowd Safety, pp. 259{269,R. A. Smith and J. F. Dickie (Eds.) (Elsevier,
Amsterdam, 1993).

75. G. G. L¿vºas, On the importance of building evacuation system components, IEEE
Transactionson Engineering Management 45, 181{191 (1998).

76. H. W. Hamacher and S. A. Tjandra, Modelling Emergency Evacuation|A n
Overview, to be published (2001).

77. J. P. Keating, The myth of panic, Fire Journal, 57{61+147 (May/1982).
78. D. Elliott and D. Smith, Football stadia disasters in the United Kingdom: Learning

from tragedy?, Industrial & Environmental Crisis Quarterly 7(3), 205{229 (1993).
79. B. D. Jacobsand P. 't Hart, Disaster at Hil lsboroughStadium: a comparative analysis,

in Hazard Managementand EmergencyPlanning, Chap. 10, D. J. Parker and J. W.
Handmer (Eds.) (James& JamesScience,London, 1992).

80. D. Canter (Ed.), Fir es and Human Behaviour, (David Fulton, London, 1990).
81. A. Mintz, Non-adaptivegroup behavior, The Journal of Abnormal and Normal Social

Psychology 46, 150{159 (1951).
82. D. L. Miller, Intr oduction to Collective Behavior, Fig. 3.3 and Chap. 9 (Wadsworth,

Belmont, CA, 1985).
83. J. S. Coleman,Foundations of Social Theory, Chaps.9 and 33 (Belkamp, Cambridge,

MA, 1990).
84. N. R. Johnson, Panic at \The Who Concert Stampede": An empirical assessment,

Social Problems 34(4), 362{373 (1987).
85. G. LeBon, The Crowd (Viking, New York, 1960[1895]).
86. E. Quarantelli, The behavior of panic participants, Sociology and Social Research 41,

187{194 (1957).
87. N. J. Smelser,Theory of Collective Behavior, (The Free Press,New York, 1963).
88. R. Brown, Social Psychology (The Free Press,New York, 1965).
89. R. H. Turner and L. M. Killian, Collective Behavior (Prentice Hall, Englewood Cli®s,

NJ, 3rd ed., 1987).



30 Dirk Helbing, Ill ¶esJ. Farkas, P¶eter Moln¶ar, and Tam¶as Vicsek

90. J. L. Bryan, Convergence clusters, Fire Journal, 27{30+86{90 (Nov./1985).
91. R. Axelrod and W. D. Hamilton, The evolution of cooperation, Science211, 1390{

1396(1981).
92. R. Axelrod and D. Dion, The further evolution of cooperation, Science242, 1385{

1390(1988).
93. N. S. Glance and B. A. Huberman, The dynamics of social dilemmas, Scienti¯c

American 270, 76{81 (1994).
94. T. Arns, Video ¯lms of pedestrian crowds, (Wannenstr. 22, 70199Stuttgart, 1993).
95. D. Helbing, Tra±c and related self-driven many-particle systems, e-print cond-

mat/0012229, to appear in Reviewsof Modern Physics (2001).
96. J. Ganem, A behavioral demonstration of Fermat's principle, The Physics Teacher

36, 76{78 (1998).
97. D. Helbing, J. Keltsch, and P. Moln¶ar, Modelling the evolution of human trail systems,

Nature 388, 47{50 (1997).
98. R. A. Smith and J. F. Dickie (Eds.), Engineering for Crowd Safety (Elsevier, Ams-

terdam, 1993).
99. D. Helbing, I. J. Farkas, and T. Vicsek, Crowd disasters and simulation of panic

situations, in Science of Disaster: Climate Disruptions, Heart Attacks and Market
Crashes, A. Bunde, J. Kropp, and H. J. Schellnhuber (Eds.) (Springer, Berlin, 2001).

100. J. S. Coleman, Intr oduction to Mathematical Sociology, pp. 361{375 (The Free Press
of Glencoe, New York, 1964).

101. J. S. Coleman and J. James, The equilibrium size distribution of freely-forming
groups, Sociometry 24, 36{45 (1961).

102. L. A. Goodman, Mathematical methods for the study of systemsof groups, American
Journal of Sociology 70, 170{192 (1964).

103. H. H. Kelley, J. C. Condry Jr., A. E. Dahlke, and A. H. Hill, Collective behavior
in a simulated panic situation, Journal of Experimental Social Psychology 1, 20{54
(1965).

104. L. P. Kadano®,Simulating hydrodynamics: A pedestrian model, Journal of Statistical
Physics 39, 267{283 (1985).

105. H. E. Stanley and N. Ostrowsky (Eds.), On Growth and Form (Martin us Nijho®,
Boston, 1986).

106. H.-H. St¿lum, River meandering as a self-organization process, Nature 271, 1710{
1713(1996).

107. I. Rodr¶³guez-Iturbe and A. Rinaldo, Fractal River Basins: Chance and Self-
Organization (Cambridge University, Cambridge, England, 1997).

108. G. Caldarelli, Cellular models for river networks, e-print cond-mat/0011086(2000).
109. S. B. Santra, S. Schwarzer, and H. Herrmann, Fluid-induced particle segregation in

sheared granular assemblies, Physical Review E 54, 5066{5072(1996).
110. H. A. Makse, S. Havlin, P. R. King, and H. E. Stanley, Spontaneous strati¯c ation in

granular mixtures, Nature 386, 379{382 (1997).
111. K. Yoshikawa, N. Oyama, M. Shoji, and S. Nakata, Use of a saline oscillator as a

simple nonlinear dynamical system: Rhythms, bifurcation, and entrainment, Ameri-
can Journal of Physics 59, 137{141 (1991).

112. X.-L. Wu, K. J. Mºal¿y, A. Hansen,M. Ammi, and D. Bideau, Why hour glassestick,
Physical Review Letters 71, 1363{1366(1993).

113. T. L. Pennec,K. J.Mºal¿y, A. Hansen,M. Ammi, D. Bideau D, and X.-L. Wu, Ticking
hour glasses:Experimental analysisof intermittent °ow, Physical ReviewE 53, 2257{
2264(1996).

114. M. R. Virkler and S. Elayadath, Pedestrian density characteristics and shockwaves,
in Proceedings of the Second International Symposium on Highway Capacity, Vol. 2,
pp. 671{684, R. Ak»celik (Ed.) (Transportation Research Board, Washington, D.C.,
1994).



Simulation of Pedestrian Crowds in Normal and Evacuation Situations 31

115. G. H. Ristow and H. J. Herrmann, Density patterns in two-dimensional hoppers,
Physical Review E 50, R5{R8 (1994).

116. D. E. Wolf and P. Grassberger (Eds.), Friction, Arching, Contact Dynamics (World
Scienti¯c, Singapore, 1997).

117. D. Helbing, Boltzmann-like and Boltzmann-Fokker-Planckequations as a foundation
of behavioral models, Physica A 196, 546{573 (1993).

118. D. Helbing, A mathematical model for the behavior of individuals in a social ¯eld ,
Journal of Mathematical Sociology 19, 189{219 (1994).

119. D. Helbing, Quantitative Sociodynamics. Stochastic Methods and Models of Social
Interaction Processes(Klu wer Academic, Dordrecht, 1995).

120. J. Klockgether and H.-P. Schwefel,Two-phasenozzleand hollow core jet experiments,
in Proceedings of the Eleventh Symposium on Engineering Aspects of Magnetohy-
drodynamics, pp. 141{148, D. G. Elliott (Ed.) (California Institute of Technology,
Pasadena,CA, 1970).

121. I. Rechenberg,Evolutionsstrategie: Optimierung technischerSystemenach Prinzipien
der biologischenEvolution (Frommann-Holzboog, Stuttgart, 1973).

122. H.-P. Schwefel,NumerischeOptimierung von Computer-Modellenmittels Evolutions-
strategien (BirkhÄauser,Stuttgart, 1977).

123. T. Baeck, Evolutionary Algorithms in Theory and Practice (Oxford University Press,
New York, 1996).

124. D. Helbing, PhysikalischeModellierung desdynamischenVerhaltens von Fu¼gÄangern
(Master's thesis, Georg-August University GÄottingen, 1990).

125. D. Helbing, A mathematical model for behavioral changesby pair interactions, in
Economic Evolution and Demographic Change. Formal Models in Social Sciences,
pp. 330{348, G. Haag, U. Mueller, and K. G. Troitzsch (Eds.) (Springer, Berlin,
1992).

126. D. Helbing, Stochastic and Boltzmann-like models for behavioral changes,and their
relation to gametheory, Physica A 193, 241{258 (1993).

127. D. Helbing, A stochastic behavioral model and a `microscopic' foundation of evolu-
tionary gametheory, Theory and Decision 40, 149{179 (1996).

128. N. E. Miller, Experimental studies of con°ict , in Personality and the behavior disor-
ders, Vol. 1, J. McV. Hunt (Ed.) (Ronald, New York, 1944).

129. N. E. Miller, Liberalization of basic S-R-concepts: Extension to con°ict behavior,
motivation, and social learning in Psychology: A Study of Science, Vol. 2, S. Koch
(Ed.) (McGraw Hill, New York, 1959).

130. W. H. Herkner, Ein erweitertes Modell des Appetenz-Aversions-Kon°ikts, Z. Klin.
Psychol. 4, 50{60 (1975).

131. K. Lewin, Field Theory in Social Science, (Harper & Brothers, New York, 1951).
132. D. Helbing and B. Tilch, Generalized force model of tra±c dynamics, Physical Review

E 58, 133{138 (1998).
133. M. Treiber, A. Hennecke, and D. Helbing, Congested tra±c states in empirical ob-

servations and microscopic simulations, Physical Review E 62, 1805{1824(2000).
134. A. K. Dewdney, Diverse personalities search for social equilibrium at a computer

party, Scienti¯c American 257(9), 104{107 (1987).
135. D. Helbing and T. Platkowski, Self-organization in space and induced by °uctuations ,

International Journal of ChaosTheory and Applications 5, 25{39 (2000).
136. D. Helbing, Die wundervolle Welt aktiver Vielteilchensysteme, Physikalische BlÄatter

57, 27{33 (2001).
137. F. Schweitzer, K. Lao, and F. Family, Active random walkers simulate trunk trail

formation by ants, BioSystems41, 153{166 (1997).
138. D. Helbing, F. Schweitzer, J. Keltsch, and P. Moln¶ar, Active walker model for the

formation of human and animal trail systems, Physical Review E 56, 2527{2539
(1997).



32 Dirk Helbing, Ill ¶esJ. Farkas, P¶eter Moln¶ar, and Tam¶as Vicsek

139. Y. L. Duparcmeur, H. Herrmann, and J. P. Troadec,Spontaneous formation of vortex
in a system of self motorised particles, Journal de Physique I France 5, 1119{1128
(1995).

140. J. Gallas, H. J. Herrmann, and S. SokoÃlowski, Convection cells in vibrating granular
media, Physical Review Letters 69, 1371{1374(1992).

141. P. B. Umbanhowar, F. Melo, and H. L. Swinney, Localized excitations in a vertically
vibrated granular layer, Nature 382, 793{796 (1996).

142. A. Rosato, K. J. Strandburg, F. Prinz, and R. H. Swendsen,Why the Brazil nuts are
on top: Size segregation of particulate matter by shaking, Physical Review Letters
58, 1038{1041(1987).

143. T. Vicsek, A. Czir¶ok, E. Ben-Jacob, I. Cohen, and O. Shochet, Novel type of phase
transition in a systemof self-driven particles, Physical Review Letters 75, 1226{1229
(1995).

144. A. Czir¶ok, M. Vicsek, and T. Vicsek, Collective motion of organismsin three dimen-
sions, Physica A 264, 299{304 (1999).

145. N. H. Anderson,Group performance in an anagram task, Journal of Social Psychology
55, 67{75 (1961).

146. H. H. Kelley and J. W. Thibaut, Group problem solving, in The Handbook of Social
Psychology, Vol. 4, G. Lindzey and E. Aronson (Eds.) (Addison-Wesley, Reading,
MA, 1969).

147. P. R. Laughlin, N. L. Kerr, J. H. Davis, H. M. Hal®, and K. A. Marciniak, Group
size, member ability, and social decision schemeson an intel lective task, Journal of
Personality and Social Psychology 31, 522{535 (1975).

148. L. Mann, T. Nagel, and P. Dowling, A study of economic panic: The \run " on the
Hindmarsh building society, Sociometry 39(3), 223{235 (1976).

149. M. Youssefmir,B. A. Huberman, and T. Hogg, Bubblesand market crashes, Comp.
Econ. 12, 97{114 (1998).

150. J. D. Farmer, Market force, ecology, and evolution, e-print adap-org/9812005,sub-
mitted to the Journal of Economic Behavior and Organization (1998).

151. T. Lux and M. Marchesi, Scaling and critic ality in a stochastic multi-agent model of
a ¯nancial market, Nature 397, 498{500 (1999).

152. J.-P. Bouchaud, A. Matacz, and M. Potters, The leveragee®ect in ¯nancial markets:
Retarded volatility and market panic, e-print cond-mat/0101120(2001).

153. D. Sornette and J. V. Andersen, Quantifying Herding During Speculative Financial
Bubbles, e-print cond-mat/0104341(2001).


