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Starting with a short review of the available literature in the eld of
pedestrian and evacuation researd, an overview is given over the ob-
sened collective phenomenain pedestrian crowds. This includes lane for-
mation in corridors and oscillations at bottlenecks in normal situations,
while di®eren 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 cortrast to previous socio-psydological
approades, this allows a physical understanding of the obsenations. De-
spite the signi cantly di®erent phenomenaoccuring in normal and panic
situations, the main e®ectscan be described by a uni ed model cortaining
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 causesparadaxial 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 placemen of columns can help, although they reducethe
accessiblespace.

1 Intro duction

The various collective phenomenaobsened in pedestriancrowds have recerily at-

tracted the interest of a rapidly increasingnumber of sciertists. In this review, we
will always distinguish the dynamics of pedestriansin normal and panic situations.

Sinceboth problemsare characterizedby di®eren characteristic phenomena,hey

have often beeninvestigatedby di®eren scieri ¢ commnunities. Howewer, aswe will

show in the following, they can be treated in a consisteh way by oneand the same
pedestrianmodel.
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1.1 Research in normal pedestrian behavior

Pedestriancrowds have beenempirically studied for morethan four decadesiow [1{
8]. The evaluation methods applied were basedon direct obsenation, photographs,
and time-lapse Ims. Apart from behavioral investigations[9,10],the main goal of
these studies was to dewelop a level-of-servie concept [11{13], design elementsof
pedestrianfacilities [14{19], or planning guidelines[20{24]. The latter have usually
the form of regressionrelations which are, howewer, not very well suited for the
prediction of pedestrian°ows in pedestrianzonesand buildings with an exceptional
architecture, or in extreme conditions sud as evacuation. Therefore, a number of
simulation models have beenproposed,e.g.queueingmadels[25{27], transition ma-
trix models[28], and stochasticmadels[29,30],which are partly relatedto ead other.
In addition, there are modelsfor the route choice behavior of pedestrians[31{34].
Noneof theseconceptsadequatelytakesinto accourt the self-organizatione®ects
occuringin pedestriancrowds. Thesemay, howewer, leadto unexpectedobstructions
due to mutual disturbancesof pedestrian°ows. More promising with regardto this
is the approad by Henderson.He conjecturedthat pedestriancrowds behave sim-
ilar to gasesor °uids ([35{38], seealso [39,40]). This could be partly con rmed
(see Sec.2.3). Howewer, a realistic gas-kinetic or °uid-dynamic theory for pedes-
trians must contain correctionsdue to their particular interactions (i.e. avoidance
and decelerationmaneu\ers) which, of course,do not obey momernium and energy
consenation. Although sud a theory canbe actually formulated [34,41,42]for prac-
tical applications a direct simulation of individual pedestrianmotion is favourable,
sincethis is more °exible. As a consequencegurrent researt focusseson the mi-
crosimulation of pedestriancrowds, which alsoallows us to considerincoordination
by excludel volumee®ets related to the discrete,\granular" structure of pedestrian
°ows. In this connection,a behaviorl force model of individual pedestriandynamics
hasbeendeweloped [18,43{53](seeSec.3). A discreteand simple forerunner of this
model was proposedby Gipps and Marksjé (1985). We also like to mertion recert
cellular automata of pedestriandynamics [54{63], and Al-basal madels[64{67].

1.2 Evacuation and panic research

Computer modelsfor emergencyand evacuation situations have beendeweloped as
well [62,68{76]. Most researt into panics, howewer, has been of empirical nature
(see,e.g.Refs.[77{80]), carried out by sacial psydologistsand others.

With someexceptions,panics are obsened in casesof scarceor dwindling re-
sourcegq81,77],which are either required for survival or anxiously desired.They are
usually distinguishedinto escap panics(\stamp edes",bank or stock market panics)
and acquisitive panics(\crazes", speculative manias)[82,83],but in somecaseghis
classi cation is questionable[84].

It is often stated that panicking people are obsesseddy short-term personal
interests uncortrolled by sccial and cultural constraints [77,82]. This is possibly
a result of the reducedattention in situations of fear [77], which also causesthat
optionslike sideexits are mostly ignored[78]. It is, howewer, frequertly attributed to
sacial contagion [77,79,81{89],i.e., a transition from individual to masspsycdology,
in which individuals transfer cortrol over their actions to others [83], leading to
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conformity [90]. This \herding behavior" isin somesensdrrational, asit often leads
to bad overall results like dangerousovercronding and slower escape [83,84,78].In

this way, herding behavior canincreasethe fatalities or, more generally the damage
in the crisis faced.

The various sacio-psydiological theories for this corntagion assumehypnotic ef-
fects, rapport, mutual excitation of a primordial instinct, circular reactions, sccial
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 common goods dilemma [93], showving
that it is reasonableto make one's subsequen actions cortingent upon those of
others, but the sccially favourable behavior of walking orderly is unstable, which
normally givesrise to rushing by everyone. Thesethoughtful considerationsare well
compatiblewith many aspectsdiscussedbove and with the classicalexperimerts by
Mintz [81], which showved that jamming in escag situations dependson the reward
structure (\payo®matrix").

Newerthelessand despiteof the frequert reports in the mediaand many published
investigationsof crowd disasters(seeTable 1), a quartitativ e understandingof the
obsened phenomenan 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 se\eral yearsand evaluated a number of
video Ims. Despite the sometimesmore or less\chaotic" appearanceof individual
pedestrianbehavior, onecan nd regularities, someof which becomebest visible in
time-lapse Ims like the onesproducedby Arns [94]. While describingthese,we also
summarizeresults of other pedestrianstudiesand obsenations [18,19,45,95]:

1. Pedestriansfeel a strong aversionto taking detours or moving opposite to the
desiredwalking direction, even if the direct way is crowded. Howeer, there is
also someevidencethat pedestriansnormally choosethe fastestroute to their
next destination, but not the shortestone [96]. In general,pedestrianstake into
accoun detoursaswell asthe comfort of walking, thereby minimizing the e®ort
to read their destination [97]. Their ways can be appraximated by polygons.

2. Pedestrianspreferto walk with anindividual desiredspeed,which correspndsto
the mostcomfortable(i.e. leastenergy-consumingjvalking speed(seeRef. [8]) as
long asit is not necessaryto go faster in order to reat the destination in time.
The desired speedswithin pedestrian crowds are Gaussiandistributed with a
meanvalue of approximately 1.34m/s and a standard deviation of about 0.26m/s
[35]. Howewer, 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 smallerthe more a pedestrian
isin a hurry, and it decreasesvith 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://Sportslllustrated. 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 Verue Deaths|Injured |[Reason
1863Sartiago, Chile |Church 2000
1881Vienna, Austria |Theatre 570
1883Sunderland, UK [Theatre 182
19021brox, UK Stadium 26 517 Collapse of West Stand
1903Chicago, USA |Theatre 602
1943London, UK Subway Sta- 173 Stampedewhile air raid
tion
1946Bolton, UK Stadium 33  400Collapseof a wall
1955Sartiago, Chile |Stadium 6 Fans trying to force their way into
the stadium
1961 Rio de Janeiro, |Circus 250
Brazil
1964Lima, Peru Stadium 318 500Goal disallowed
1967Kayseri, Turkey |Stadium 40
1968BuenosAires, |Stadium 75 150Fans °eeing from re
Argentina
197QSt. Laurent-du- [Dance Hall 146
Pont, France
19711brox, UK Stadium 66 140 Collapse of barriers
1971Salvador, Brazil |Stadium 4| 1500Fight and wild rush
1974Cairo, Egypt Stadium 48 Crowds break barriers
1976Port-au-Prince, |Stadium 2 Firecracker
Haiti
1979Nigeria Stadium 24 27|Light failure
1979Cincinatti, USA |Stadium 11 Fans trying to force their way into
the stadium
1981 Piraeus, Greece |Stadium 24 Rush of leaving fans
1981 Sheteld, UK Stadium 38/Crowd surge
1982Cali, Columbia [Stadium 24 250Provocation by drunken fans
1982Moscav, USSR |Stadium 340 Re-entering fans after last minute
goal
1985Bradford, UK  |Stadium 56 Fire in wooden terrace section
1985Mexico City, Stadium 10 29 Fans trying to force their way into
Mexico the stadium
1985Brussels,Bel-  |Stadium 38 > 400Riots break out
gium
1987 Tripoli, Libya |Stadium 2 16|Collapse of a wall
1988Katmandu, Stadium 93 > 100Stampededue to hailstorm
Nepal
1989Hillsborough,  |Stadium 96 Fans trying to force their way into
Shezeld, UK the stadium
1990Mecca, Saudi Pedestrian 1425 Overcrowding
Arabia Tunnel
1991 Orkney, South |Stadium > 40 Fanstrying to escag ghting
Africa
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Date|Place Verue Deaths|Injured |Reason
1991New York, USA Stadium 9 Overcrowding at concert
1992 Rio de Janeiro, Stadium 50/Part of the fencegiving way
Brazil
1992Bastia, Corsica Stadium 17| 1900
1994Mecca, Saudi Arabia 270 \Stoning the devil" ritual
1995New Delhi, India Tent Y% 400 > 100Indian re
1996Lusaka, Zambia Stadium 9 78/Stampede after Zambia's victory
over Sudan
1996 Tembisa, South Railway Sta- 15| > 20|Electric cattle prods usedby secuj
Africa tion rity guards
1996Guatemala City, Stadium 80 180Fanstrying to force their way into
Guatemala the stadium
1997Las Vegas,USA Hotel 1 50,Gunshot
1997 Disseldorf, Germany |Stadium 1| > 3000vercrowding at concert
1998Dhaka, Bangladesh [Multi-Storey 1 15|Fire stampede
Building
1998Mecca, Saudi Arabia 107 \Stoning the devil" ritual
1998Harare, Zimbabwe |Stadium 4 10|Spectators scranbled for seats
1998Manila, Phillipines |Presidertial 2 Large crowd waiting for jobs and
Action Cen- housing
ter
1998Chervonohrad, Cinema 4 Stampededue to in- and outcom-
Ukraine ing children
1998Lima, Peru Disco 9 7|Tear gas
1999Minsk, Belarus Subway Sta- 51 150Heavy rain at rock concert
tion
1999Kerala, India Hindu > 50 Collapse of parts of the shrine
Shrine
1999Benin, Nigeria Religious 14 Stampedeat a Christian revivalist
Place rally
1999Innsbruck, Austria  |Stadium 5 25|Fansre-ertering the stadium?
200QKaloroa, Bangladesh|Examination 5 Stampedeto enter an examination
Place hall
200QMecca, Saudi Arabia |Holy Place 2 4|Pilgrim overcrowding
2000Durban, South Africa |Disco 13 44 Tear gas
200Q0Chiaquelane,Mozam-|Chiaquelane 5 10/Aid chaos
bique Camp
200dLisbon, Portugal Nightclub 7 65|Poisonousgasbombs
200QSeville, Spain 30/Good Friday procession
2000dMonrovia, Liberia  |Stadium 3 Fanstrying to forcetheir way into
the stadium
200QLahore, Pakistan Circus 8 3|Guards usedbatons
2000Addis Abeba, Memorial 14 Children trying to cover from a
Ethiopia Place rainstorm
2000Roskilde, Denmark |Stadium 8 25|Failure of loud speakers
200QHarare, Zimbabwe |Stadium 12 Tear gas
2000Sa0 Janudrio, Brazil |Stadium 2000versold stadium

5

Resting individuals (waiting on a railway platform for a train, sitting in a din-
ing hall, or lying at a bead) are uniformly distributed over the available areaif
there are no acquairtancesamongthe individuals. Pedestriandensity increases

(i.e. interpersonaldistanceslessen)around particularly attractiv e places.It de-
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creasewith growing velocity variance,e.g.,on a dance’oor [41,18].Individuals
knowing eat other may form groupswhich are ertities behaving similar to single
pedestrians.Group sizesare Poissondistributed [100{102].

2.2 Panic situations

Panic stampedeis one of the most tragic collective behaviors [79,81{83,85{89],as
it often leadsto the death of people who are either crushed or trampled down
by others. While this behavior is comprehensiblen 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 sud disastersis increasing[84] (seeTable 1), as growing population
densitiescombined with easiertransportation lead to greater masseverts like pop
concerts, sporting ewvens, and demonstrations. Nevertheless,systematic studies of
panics [81,103]are rare [77,82,84],and there is a scarcity of quartitativ e theories
capableof predicting the dynamicsof human crowds [62,68,69,72,73,76]n spite of
this, the following featuresappear to be typical [52,53]:

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

2. Peopletry to move considerablyfaster than normal [21].

3. Individuals start pushing, and interactions among people become physical in
nature.

4. Moving and, in particular, passingof a bottlened frequertlly becomesncoordi-
nated [81].

5. At exits, jamsare building up [81]. Sometimesarching and cloggingare obsened
[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 sloved down by fallen or injured peopleturning into \obstacles".

Peopletend to shav herding behavior, i.e., to do what other peopledo [77,86].

9. Alternativ e exits are often overlooked or not exciently usedin escae situations
[77,78].

oo

The following quotations give a more personalimpressionof the conditions during
escafe 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 piece of the ground.” (After the panic at
\The Who Concert Stampede" in Cincinatti.)

2. \P eoplewere climbin' over peopleta getin ... an' at one point | almost started
hittin' 'em, becausd could not believe the animal, animalistic ways of the people,
you know, nobody cared." (After the panic at \The Who Concert Stampede".)

3. \Smaller peoplebeganpassingout. | attempted to lift onegirl up and above to
be passedbad ... After sewral tries | 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 Shezeld. Be-
causeof a clogging e®ect,it is dixcult to passthe open door.

4.

5.

| \couldn't seethe °oor becausefthe thicknessof the smole." (After the \Hilton
Hotel Fire" in Las Vegas.)

\The club hadtwo exits, but the youngpeoplehad accesso only one,saidNarend
Singh, provincial minister for agriculture and ervironmerntal a®airs.Howeer, the
club's owner, Rajan Naidoo, saidthe club had four exits, and that all were open.
“I think the children panidked and headedfor the main ertrance where they
initially camein,' he said." (After the \Durban Disco Stampede".)

2.3 Analogies with gases, °uids, and granular media

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

1.
2.

3.

Footprints of pedestriansin snav look similar to streamlinesof °uids [34].

At borderlinesbetween opposite directions of walking one can obsene \viscous
‘ngering" [104,105].

The emergenceof pedestrianstreamsthrough standing crowds [94,18,19,45hp-
pearsanalogousto the formation of river beds[106{108](seeFig. 2).

. Similar to segregationor strati cation phenomenain granular media[109,110],

pedestriansspontaneously organizein lanesof uniform walking direction, if the
pedestriandensity is high enough[2,18,19,43,45{seeFig. 3).

. At bottlenedks (e.g.corridors, staircasespr 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 cinemataken by
Thomas Arns shows that crossingpedestriansform a river-like stream (from [18,19,45]).

Figure 3: At suzciently high densities, pedestriansform lanes of uniform walking direc-
tion (from [18,19,45]).
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6. Onecan nd the propagationof shack wavesin densepedestriancrowds pushing
forward (seealso[114]).

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

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

3 Generalized force model of pedestrian dynamics

3.1 The social force concept

Human behavior often seemdo be \chaotic", irregular, and unpredictable. So, why
and underwhat conditionscanwe modelit by meansof forces?irst of all, we needto
be confronted with a phenomenorof motion in some(quasi-)cortin uousspace 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 vehicletratc, wherepeopleare confrorted 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 behaviomal convention can be described by meansof evolutionary
gametheory [34,43,119,124{127].

Another requiremern is the vectorial additivity of the separateforce terms re-
°ecting di®eren ervironmental in°uences.This is probably an approximation, but
there is someexperimertal evidencefor it. Basedon quartitativ e measuremets for
animals and test personssubject to separatelyor simultaneously applied stimuli of
di®eren nature and strength, onecould shav that the behavior in con®ict situations
can be descriked 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 saial forces which hasbeenput into mathematical terms by Helbing
[34,43,47,117{119]In somecases,sccial or behaviorl forces which determine the
amourt anddirection of systematicbehavioral changescanbe expressedsgradierts
of dynamically varying potentials, which re°ect the sacial or behavioral elds result-
ing from the interactions of individuals. The behavioral force conceptwasappliedto
opinion formation [34,117{119]and migration [34,118,119]put it was particularly
successfuln the description of pedestrianand vehicletratc [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 suzcient to
have a good estimate what perceriage of pedestriansturns to the right. This canbe
either empirically measuredor calculated by meansof route choice models like the
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one by Borgersand Timmermans [31,32].In somesensethe uncertainty about the
individual behaviors is averagedout at the macroscopiclevel of description, as in
°uid dynamics.Newertheless,insteadof a uid-dynamic model, we will usethe more
°exible microscopicsimulation approad basedon the generalizedforce concept.
According to this, the temporal changeof the location x;(t) of pedestriani obeys
the equation of motion (0

X (t .

g - Vi: 1)
Moreover, if f j(t) denotesthe sumof forcesin®uencing pedestriani, m; is the massof
pedestriani, and »;(t) areindividual °uctuations re°ecting unsystematicbehavioral
variations, the velocity changesare given by the acceleration equation

mi% = fi(t) + »(t): 2)

Particular advantagesof this approad are that we can take into accoun

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

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

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

3.2 Social force model for normal pedestrian dynamics

We will now descrike the di®ere motivations of and in°uenceson a pedestriani by
separateforce terms. First of all, the desireto adapt the actual velocity vi(t) to the
desiredspeedv? and direction e°(t) within a certain \relaxation time" ¢; is re°ected
by the acceleration term [vO(t)e’(t) vi(t)]=¢. Herein,the cortribution v2(t)e’(t)=¢
can be interpreted as driving term, while j v;(t)=¢ hasthe meaning of a friction
term with friction coexcient 1=¢.

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

H

1+ cos( --)ﬂ
fooo(t) = Avexpl(ry i dy)=Bilny i+ (1i ,)—F—

- ©)

Herein, A; denotesthe interaction strength and B; the range of the repulsive inter-
actions, which are culture-dependent and individual parameters.d; (t) = kx;(t) j
X;j (t)k isthe distancebetweenthe certers of massof pedestrians andj, rj = (ri+r;)
the sum of their radii r; andr;, and

xi(t)i x;(t)
d; (t)

the normalized vector pointing from pedestrianj to i. Finally, with the choice
.i < 1, we canre’ect the anisotropic character of pedestrianinteraction. In other

i ¢
ny (0= ' ©:inf (1) = @)
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words, with the parameter, ; 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' j (t) denotesthe angle betweenthe direction e;(t) = v;(t)=kv;(t)k of
motion and the direction j nj (t) of the object exerting the repulsive force, i.e.
cos' j (t) = i nj (t) ¢e;(t). One may, of course,take into accourt other details suc
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 obsened self-organizationphenomenaare quite insen-
sitive to the speci cation of the interaction forces,as di®eren studies have shovn
[47,49,51{53].

In addition, we may alsotake into accour time-dependen attractiv einteractions
towards window displays, sights, or special attractions k by sccial forcesf & (t)
of the type (3). Howewer, comparedwith repulsive interactions, the correspnding
interaction range B, is usually larger and the strength parameter A (t) typically
smaller, negative, and time-depender. Additionally, the joining behavior [134] of
families, friends, or tourist groups can be re°ected by forcesof the type f i’j-‘“ (t) =
i Cij nj (t), which guarartee that acquairted individuals join again, after they have
accidenally beenseparatedby other pedestrians.

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

vo(t)el(t) i wvi(t) N X

X X
[fie@+ O+ fe®+ 3@ ()

j(61) b k

fi(t)=

In the following, we will usea simpli ed versionof this model by dropping attraction
e®ectsand assuming, ; = 0, sothat the interaction forcesbecomeisotropic and
conformwith Newton's 3rd law.

3.3 Force model for panicking pedestrians

Additional, physical interaction forcesf {J?h comeinto play when pedestriansget so
closeto ead other that they have physical cortact (rj , dj). In this case,which
is mainly relevant to panic situations, we assumealsoa \body force" k(ri; i dj) nj;

courteracting body compressiorand a\sliding friction force" - (rjj i dj) ¢vjti tj im-
pedingrelativetangertial motion. Inspired by the formulas for granular interactions
[115,116],we assume

FN) = KE(ry i di)nyg + £ (ry i di)eviity; (6)

where the function £ (z) is equal to its argumert z, if z ; 0, otherwise 0. More-
over, tj = (j nﬁ;nﬁ) meansthe tangertial direction and ¢vjti = (vji vy) ¢ty the
tangertial velocity di®erencewhile k and - represen large constarts.

Strictly speaking, friction e®ectsalready set in before pedestrianstouch eadh
other, becauseof the psydological tendency not to passother individuals with a
high relative velocity, when the distanceis small. This is, howewer, not important
for the e®ectswe are goingto reproduce later on.

The interactions with the boundariesof walls and other obstaclesare treated
analogouslyto pedestrianinteractions,i.e., if di,(t) meansthe distanceto boundary
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b, niy(t) denotesthe direction perpendicularto it, and ti,(t) the direction tangertial
to it, the correspnding interaction force with the boundary reads

fip=FfA exp[(rii dp)=Bi]+ KE(rii di)aniwi £ (rii dip)(viCtip)tin: (7)

Finally, re fronts are re°ected by repulsive sccial forcessimilar thosedescribing
walls, but they are much stronger. The physical interactions, however, are qualita-
tively di®eren, as peoplereaded by the re front becomeinjured and immobile
(vi = 0).

4 Simulation results

The generalizedforce model of pedestriandynamics has beensimulated on a com-
puter for a large number of interacting pedestriansconfrorted with di®eren sit-
uations. In spite of its simpli cations, it describes a lot of obsened 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
tratc signs,laws, or behavioral convertions. Instead, the spatio-temporal patterns
discussedelonv emergedue to the non-linear interactions of pedestrianseven with-
out assumingstrategical considerationsor communication of pedestrians.Many of
thesecollective patterns of motion are symmetry-breakingphenomenaalthough the
model was formulated completely symmetric 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 obsened 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],0n pedes-
trian density, and on the noiselevel. Interestingly, one nds a noise-indu@d ordering
[51,135]:Comparedto small noise amplitudes, 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 represen 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, seethe Java applet
http://mww.helbing.org/Pedestrians/Corridor.html
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The corvertional interpretation of lane formation assumeshat pedestrianstend
to walk on the side which is prescribed in vehicular traxtc. Howewer, 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 frequernt and strong interactions. In ead interaction,
the encourtering pedestriansmove a little asidein order to passead other. This
sidewards movemer tends to separateoppositely moving pedestrians,which leads
to segregation.The resulting collective pattern of motion minimizesthe frequency
and strength of avoidancemaneu\ers, if °uctuations are weak. Assuming idertical
desiredvelocities v° = vy, the most stable con guration correspndsto a state with
a minimization of the averageinteraction strength

1 X ; 01 1 X . 0y — . .
] cfij ¢ef Ya—  (Voi Vi®e)=vo(li E): (8)

o N
i6] i

It is related with a maximum exciency
1 X Vi Ce

N i Vo

E =

(9)

of motion correspnding to optimal self-olganization [51], where the exciency E
with 0 - E - 1 describesthe averagefraction of theFdesiredspeedvo with which
pedestriansactually approad their destinations(N = ; 1is the respective number
of pedestriang). As a consequencdane formation \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 consequenc®f 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-
ewver, Burstedde et al. have recerly found a way to reproduce this collective phe-
nomenonby introducing an additional °oor eld inspired by trail formation models
[97,137,138,45)which mimicsindividual intelligence.In the limit of vanishing di®u-
sionand fast deca of the °oor eld, this cellular automatonis similar to Helbing and
Bolay's implemertation of an excient, discretizedversion of the sccial force model
[54], wherethe interaction e®ectof boundariesand pedestriansare represeied by
a global potential. Someinteractive Java applets basedon this model are available
at www.helbing.org .

Oscillations at bottlenec ks. In simulations of bottlenedks like doors, we obsene
oscillatory changesof the passingdirection, if people do not panic [18,19,44,46{
50] (seeFig. 5). Once a pedestrianis able to passthe narrowing, pedestrianswith

the samewalking direction can easily follow. Hence,the number and \pressure" of
waiting and pushing pedestriansbecomedessthan on the other side of the narrow-
ing where, consequetty, the chanceto occupy the passagegrows. This leadsto a
deadlack 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 intersections. At intersectionsone is confrorted with various al-
ternating collective patterns of motion which are very short-lived and unstable. For
example,phasesduring which the intersectionis crossedin \v ertical" or \horizon-
tal" direction alternate with phasesof temporary roundabout tratc (seeFig. 6)
[46,44,18,49,50,48,19This self-organizedound-about tratc is similar to the emer-
gert rotation found for self-driven particles [139].1t is connectedwith small detours
but decreaseshe frequencyof necessarydeceleration,stopping, and avoidancema-
neuwers considerably sothat pedestrianmotion becomesmore excient on average.

«
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Figure 6: Self-organized,short-lived roundabout tratc in intersecting pedestrian streams
(from [18,19,44,48,95]seealso [46,49,50]).

4.2 Collectiv e phenomena in panic situations

In panic situations (e.g. in somecasesf emergencyevacuation) the following char-
acteristic featuresof pedestrianbehavior are often obsened:
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1. Peopleare getting nervous, resulting in a higher level of °uctuations.

2. They are trying to esca 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 descrile this by an additional herding interaction, but attractive
interactions have probably a similar e®ect.

We will now discussthe fundamertal collective e®ectswhich °uctuations, increased
desiredvelocities, and herding behavior can have. In cortrast to other approades,
we do not assumeor imply that individuals in panic or emergencysituations would
behave relertless and ascial, 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

N = (1i ni)'0+ Ni” max ; (10)

wheren; with 0 - n; - 1 measureshe nervousnessof pedestriani. The parame-
ter "o meansthe normal and " ,ax the maximum °uctuation strength. It turns out
that, at sutciently high pedestriandensities,lanesare destroyed by increasingthe
°uctuation strength (which is analogousto the temperature). Howewer, instead of
the expectedtransition from the \°uid” lane state to a disordered,\gaseous" state,
a solid state is formed. It is characterizedby a blocked situation with a regular
(i.e. \crystallized" or \frozen") structure sothat we call this paradaxial transition
\fr eezing by heating" (seeFig. 7). Notably enough,the blocked state has a higher
degreeof order, although the internal energyis increasal and the resulting state is
metastablewith respect to structural perturbations sud asthe excange of oppo-
sitely moving particles [52]. Therefore,\freezing by heating" is just oppositeto what
onewould expect for equilibrium systems,and di®erern from °uctuation-driv en or-
dering phenomenan 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
used by oppositely moving pedestrians(after [52,95,99,136]).

The precondition for the unusual freezing-ly-heating transition are the driving
term vPeP=¢ and the dissipative friction | v;=¢, while the sliding friction forceis not
required. Inhomogeneitiesin the channel diameter or other impurities which tem-
porarily slov down pedestrianscan further this transition at the respective places.
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Finally note that a transition from °uid to blocked pedestriancourter °ows is also
obsened, when a critical density is exceeded52,59].

Transition to incoordination due to clogging. The simulated out°ow from a
room is well-coordinated and regular, if the desiredvelocities v? = v, are normal.

Howe\er, for desiredvelocities above 1.5 m/s, i.e. for peoplein a rush, we nd an

irregular successiorof arch-like blockings of the exit and avalande-like bunches
of leaving pedestrians,when the arches break (seeFig. 8a, b). This phenomenon
is compatible with the empirical obsenations mertioned 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 obsened for small enough
openingsrather than for a variation of the driving force).
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Figure 8: Simulation of pedestriansmoving with identical desiredvelocity vi0 = vp towards
the 1 m wide exit of aroom of sizel5m£ 15m (from [53], seealso0[95,99,136]).a Snapshot
of the scenario. Dynamic simulations are available at http://angel.elte.hu/ ~panic/ .
b lllustration of leaving times of pedestrians for various desired velocities vg. Irregular
out’ow due to clogging is obsened for high desired velocities (vo , 1.5 m/s, seedark
plusses).c Under conditions of normal walking, the time for 200 pedestriansto leave the
room decreasesvith growing vg. Desiredvelocities higher than 1.5m/s reducethe exciency
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®ectsMoreover,
above a desired velocity of about vo = 5 m/s ({ {), peopleare injured and becomenon-
moving obstaclesfor others, if the sum of the magnitudes of the radial forcesacting 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., increasingv?) can causea smaller averagespeed
of leaving, if the friction parameter- is large enough(seeFig. 8c, d). This \faster-
is-slover 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 pedestriansreaded 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-
agatesfrom 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-psydological e®ectof the re front is
assumed10 times stronger than that of a normal wall (Ag = 10A;). b Number of injured
persons(casualities) as a function of the propagation velocity V of the re front, averaged
over 10 simulation runs. Up to a critical propagation velocity Vit (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 cortinuous.

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

1. slowing down dueto a bottlenedk sud asa door and

2. strong inter-personalfriction, which becomesiominant whenpedestriansgettoo
closeto ead other. It is noteworthy that the faster-is-slaver e®ectalso occurs
whenthe sliding friction force changescontinuouslywith the distancerather than
being \switched on" at a certain distancer; asin the model above.

The danger of cloggingcan be minimized by avoiding bottleneds in the construc-
tion of stadia and public buildings. Notice, howewer, that jamming can also occur
at wideningsof esca routes! This surprising result is illustrated in Fig. 10. It orig-
inates from disturbancesdue to pedestrians,who try to overtake eat other and
expandin the wide area becauseof their repulsive interactions. They squeezéanto
the main stream again at the end of the widening, which acts like a bottlenedk and
leadsto jamming. The correspnding drop of exciency E is more pronounced,
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1. if the corridor is narrow,
2. if the pedestrianshave di®erer or high desiredvelocities, and
3. if the pedestriandensity in the corridor is high.

09 b\&\
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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 lllustration of the scenariowith
vi0 = vo = 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 si Imi 1 and °ee towards the right-hand side. b
E+ciency of leaving as a function of the angle A characterizing the width of the certral
zZone, i.e., the di®erencefrom a linear corridor. The relative exciency E = hv; ¢ei°i=vo
measuresthe averagevelocity along the corridor comparedto the desiredvelocity and lies
betweenO and 1 (). While it is almost one (i.e., maximal) for a linear corridor (A= 0),
the exciency drops by about 20%, if the corridor contains a widening. The decreaseof
exciency E is even more pronouncedin the area of the widening where pedestrian °ow is
most irregular ({ {).

\Phan tom panics". Sometimespanicshave occuredwithout any comprehensible
reasonssuch asa re or another threatening evert (e.g., in Moscav, 1982; Inns-
bruck, 1999). Due to the \faster-is-slowver e®ect", panics can be triggered by small
pedestrian courter°ows [78], which causedelays to the crowd intending to leave.
Consequetly, stopped pedestriansin the badk, who do not seethe reasonfor the
temporary slovdown, are getting impatient and pushy. In accordancewith obsena-
tions [43,18],0one may descrike this by increasingthe desiredvelocity, for example,
by the formula

v(t) = [Li ni()Iv2(0) + ni(t)v™*: (11)

Herein, v is the maximum desiredvelocity and v?(0) the initial one,correspnding
to the expectedvelocity of leaving. The time-dependert parameter

Vi (t)
vP(0)

re°ects the nervousness,where V;(t) denotesthe average speed into the desired
direction of motion. Altogether, long waiting times increasethe desired velocity,

ni(t) = 1j (12)
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which can produceinezcient out’ow. This further increaseghe waiting times, and
soon, sothat this tragic feedba& canevertually trigger sohigh pressureghat people
are crushedor falling and trampled. It is, therefore,imperative, to have suzciently
wide exits and to prevert counter°ows, when big crowds wart 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 pedestriani may either selectan individual direction e;

or follow the averagedirection hej"(t)ii of his neighboursj in a certain radius R;

[143,144]0r try a mixture of both. We assumethat both options are weighted with

the nervousnesa;:

e’(t) = N £(1' ni)e + n he-o(t)i-o' (13)
i | i i i 1K i

where N (z) = z=kzk denotesthe normalization of a vector z. As a consequence,
we have individualistic behavior if n; is low, but herding behavior if n; is high. (In
a somewhatdi®eren szenario,one may 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 eat pedestrian nds an
exit only acciderally, while pure herding behavior implies that the completecrowd
is evertually moving into the sameand probably blocked direction, sothat available
exits arenot exciently used,in agreemehwith obsenations. Accordingto Figs. 11b
and c, we expect optimal chancesof survival for a certain mixture of individualistic
and herding behavior, where individualism allows somepeopleto detect the exits
and herding guararteesthat successfulsolutions are imitated by small groups of
others. If pedestriansfollow the walls instead of \re°ecting” at them, we expect
that herd following causegamming and inexcient useof doors aswell (seeFig. 8),
while individualists moving in opposite directions obstruct eat other.

5 Optimization of pedestrian °ows

The emergingpedestrian®°ows decisively depend on 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 systematically varied, e.g.by means
of ewolutionary algorithms [121,123,54]seeFig. 12), and evaluated on the basisof
particular mathematical performancemeasureq18,48].Apart from the exciency E
with 0- E - 1de ned in formula (9), we can, for example,de ne the measure of
comfort C = (1j D) via the discomfort .
A !

_AX iz 1X o w

NS —— = i —
N (Vi)? N (vi)?

(14)

The latter is again betweenO and 1 and re°ects the frequencyand degreeof sudden
velocity changesi.e. the level of discortinuity of walking dueto necessaryavoidance
maneu\ers. Hence,the optimal con guration regardingthe pedestrianrequiremerns
is the onewith the highestvaluesof exciency and comfort.

During the optimization procedure,someor all of the following can be varied:
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Figure 11: Simulation of N = 90 pedestrianstrying to escam a smoky room of area
A = 15m£ 15 m (black) through two smoke-hiddendoors of 1.5 m width, which haveto be
found with amixture of individualistic and herding behavior (from [53,95,99]).Java applets
are available at http://angel.elte.hu/ ~panic/ . a Snapshotof the simulation with v =
Vo = 5 m/s. Initially , eadh 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,Rj = R = 5 m. The strength of this herding
e®ectgrows with increasing nervousnessparameter nj = n and increasing value of h =
YR?Y where ¥%2= N=A denotesthe pedestrian density. When reaching a boundary, the
direction of a pedestrianis re°ected. If one of the exits is closerthan 2 m, the room is left.
b Number of peoplewho manageto escape within 30 s as a function of the nervousness
parameter n. c lllustration 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, sothat only someof the peopleescape before being poisonedby smolke.
Our results suggestthat the bestescape strategy is a certain compromisebetweenfollowing
of others and an individualistic searding behavior. This ts well into experimental data
on the exciency of group problem solving [145{147], according to which groups normally
perform better than individuals, but massesare inetcient in nding new solutions to
complex problems. d Absolute di®erencefN1 j N»j in the numbers N; and N, of persons
leaving through the left exit or the right exit as a function of the degreen of herding.
We nd that pedestrianstend to jam up at one of the exits instead of equally using all
available exits, if the nervousnesss large.

=

the location and form of planned buildings,

2. the arrangemen of walkways, entrances, exits, staircases,ele\ators, escalators,
and corridors,

the shape of rooms, corridors, entrances, and exits,

4. the function and time schedule of room usage.(Recreationroomsor restaurarts
are cortinuously frequerted, rooms for conferencesr special everts are mainly

w
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Figure 12: Di®erert phasesn the ewlutionary optimization of a bottleneck (from [54,19]).

visited and left at peak periods, exhibition roomsor roomsfor festivities require
additional spacefor people standing around, and some areas are claimed by
gueuesor through tratc.)

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

5.1 Normal situations

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

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

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

3. A broaderdoor doesnot necessarilyleadto a proportional increaseof pedestrian
°ow through it. It may rather lead to more frequent changesof the walking
direction which are connectedwith temporary deadlack situations. Therefore,
two doors closeto the walls are more excient than one single door with double
width. By self-organization.ead door is usedby onewalking direction [18,48{50],
which is related to lane formation (seeFig. 15).
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Figure 13: Convertional (left) and improved (right) elemers 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 represert
columns or trees, while full circles with arrows symbolize pedestriansand their walking
directions.

Oscillatory changesof the walking direction and periods of standstill in between
also occur when di®erert °ows cross eat other. The loss of exciency caused
by this can be reducedby psydological guiding measuresor railings initializing
roundabout tratc (seeFig. 13c). Roundabout tratc canalreadybeinducedand
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 increasedezciency up to 13%.

The complexinteraction betweenvarious °ows can lead to completely unexpected
results due to the nonlinearity of dynamics. (A very impressive and surprising re-
sult of ewlutionary form optimization is preseried by Klockgether and Schwefelin
Ref. [120].) This means, planning of pedestrian facilities with corvertional meth-
ods doesnot always guarartee the avoidanceof big jams, seriousobstructions, and
catastrophic blockages(especially in emergencysituations). In cortrast, a skilful
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Figure 14: Thesephotographsof a pedestriantunnel connectingtwo subways in Budapest
at Def§k t®r 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 passageays are available, pedestrianswith opposite walking
directions usedi®ereri doors as a result of self-organization (after [18,19,45,48{50,95]).

°ow optimization not only enhancesxciency but alsosavesspacethat canbe used
for kiosks, bendhes,or other purposes[18].

5.2 Panic situations

Similar design strategies can be deweloped for panic situations, where signi -
cartly improved out®ows can be reated 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 placemen helpsto avoid
equilibria of forces(blockages).

Additionally, onecanguide peopleinto the directions of usableexits by meansof
optical and acousticstimuli, i.e. by suitable arrangemeits of light and soundsources.

6 Summary and outlo ok

We have deweloped a cortinuous pedestrian model 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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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 canalsoincreasethe out®’ow
by 50%.In large exit areasusedby many hundret people,seweral randomly placed columns
are neededto subdivide the crowd and the pressure.An asymmetric con guration of the
columnsis most excient, asit 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 bottleneds.

These and 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 as self-organization
phenomenasarising 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 readh more excient pedestrian °ows with lessspace.
Applications to the optimization of pedestrianfacilities are, therefore, quite natu-
ral.

The proposedforce model is alsosuitable for drawing conclusionsabout the pos-
sible medanismsbeyond escap panic (regarding an 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-
produce many obsened phenomenaincluding

the breakdown of °uid lanes(\freezing by heating"),

the build up of fatal pressures,

clogginge®ectsat bottlenedks,

jamming at widenings,

the \faster-is-slower e®ect",

\phantom panics" triggered by courter°ows and impatience,and
the ignoranceof available exits due to herding.

NogkwNE

The underlying behavior could ke called \irr ational”, as all of thesee®ets decrease
the chan@sof survival compared to normal pedestrian behavior. We werealsoableto
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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 suitability in
emergencysituations. It accours for the considerablydi®eren dynamics both in
normal and panic situations just by changinga singleparametern; = n. In this way,
we have proposeda consisten theoretical approad allowing a cortin uous switching
betweenseeminglyincompatible kinds of human behavior (individualistic, \rational"

behavior vs.\irrational" panic behavior). Thereby, however, we do not want to imply
that individuals would alwaysbehaveirr ational in emegencysituations. It hasbeen
obsenedthat, evenin sud situations individuals can behave highly self-corrolled,
coordinated, rational, and sccial. Our study just investigatesthe fundamerntal col-
lective e®ectsawhich °uctuations, increaseddesiredvelocities, and herding behavior
can have, independerily of whether all criteria of panicsare ful lled or not.

We beliewethat the above model cansene asan examplelinking collective behav-
ior asa phenomenonof masspsydology (from the sccio-psydological perspective)
to the view of an emergem collective pattern of motion (from the perspective of
physics). Our simulations suggestthat the optimal behavior in escag situations is a
suitable mixture of individualistic and herding behavior. This conclusionis probably
transferableto many casesf problem solvingin new and complexsituations, where
standard solutionsfail. It may explain why both, individualistic and herding behav-
iors are commonin human sccieties. For example,herding behavior is alsorelevant
to fashion and stock market dynamics (see Refs. [99,148{153]).Apart from that,
the competition of moving particles for limited spaceis analogousto the situation
in various sccio-economicsystems,whereindividuals or other ertities compete for
limited resourcesas well. Therefore, conclusionsfrom the above ndings for self-
driven many-particle systemsread far into the realm of the sccial, economic,and
psydological sciences.

Finally, we are calling for quartitativ 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-dependert interpersonalinteractions,
specify the individual variation of parameters,integrate acoustic information ex-
change,implemert more complexstrategiesand interactions (alsothree-dimensional
ones), or allow for switching of strategies. One should also complemen the pro-
gram by detailled re and smolke propagation modules and model hazards, toxi-
city and behavioral reactions, as evacuation software tools like EXODUS do (see
http://fseg.gre.ac.uk/exodus ).
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