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Evacuation in the Social Force Model is not Stationary
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An evacuation process is simulated within the Social Force Model. Thousand pedestrians are leaving a
room by one exit. We investigate the stationarity of the distribution of time lags between instants when two
successive pedestrians cross the exit. The exponential tail of the distribution is shown to gradually vanish. Taking
fluctuations apart, the time lags decrease in time till there are only about 50 pedestrians in the room, then they
start to increase. This suggests that at the last stage the flow is laminar. In the first stage, clogging events
slow the evacuation down. As they are more likely for larger crowds, the flow is not stationary. The data are
investigated with detrended fluctuation analysis and return interval statistics, and no pattern transition is found
between the stages of the process.
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1. Introduction

A human crowd is a specific system, which is of interest
for various specialists for different reasons. A physicist is
willing to treat a crowd as a gas or a fluid of interacting
particles [1], a psychologist can concentrate on the pro-
cess of self-categorization in crowds [2], and a sociologist
asks for emergence of norms in a crowd [3]. In an in-
terdisciplinary approach, these perspectives overlap. In
the Social Force Model (SFM), designed by Dirk Helbing
and coworkers [4, 5] in the 90’s, physical interactions are
combined with action of the social norm of keeping dis-
tance to unknown persons [6]. Although the differential
equations used there can be considered as computation-
ally complex, the SFM seems to describe properly the
collective effects in crowd, which appear in particular in
emergency situations, as an evacuation. In simpler tech-
niques, such as cellular automata or lattice gas models,
a prescribed area is reserved for each pedestrian, and the
influence of other pedestrians is reduced to short range
interactions. Even if some specific effects such as clogging
and arching are reproduced (as, for example, in [7, 8]),
dynamics of a pedestrian in these techniques is fully de-
termined by her/his local environment. On the contrary,
in most of crowd disasters the crowd size was essential
[9]. For reviews on the SFM and other techniques and a
list of literature we refer to [9–13].

Here we are interested in forces exerted by masses of
pedestrians, when physical interactions accumulate and
the crowd size does matter. Namely, we intend to investi-
gate how the number of pedestrians in a room influences
the flow through an exit. Therefore we designed a nu-
merical experiment as follows. A number of pedestrians
is waiting, crowded, at the exit. At t = 0, the exit is
opened and the crowd is pushing towards it. Let us de-
note the number of pedestrians who remain in the room
at time t as n(t). In this setup, an experiment with N
pedestrians provides data on experiments for all n < N ,
because there is no stage when people gather at the exit.

Provided that the flow at the exit depends on the num-
ber of pedestrians in the room, we should observe this
dependence by just measuring the curve n(t). Alterna-
tively, we can measure the time gaps between successive
crossings of exit. One can write

n(t) = N −
N∑

i=1

Θ(t− ti) (1)

where ti is the time instant when the number of pedestri-
ans in the room changes from i + 1 to i. We are going to
concentrate on the series of the time lags ∆i = ti+1 − ti.
Is it stationary? Are there long-term correlations and/or
regimes with characteristically different behavior?

Up to our knowledge, this question was not posed di-
rectly in the literature, but the shape of the function n(t)
was obtained several times by different authors. In the
next section we gather the results obtained by other au-
thors which are directly close to our specific interest. For
reasons explained above, we do not refer to simulations
done with the cellular automata and lattice gas model.
In the third section the SFM is briefly described. In Sec-
tion IV we describe the technique of the data analysis.
Finally, we show our numerical results (Section V) and
discuss them (section VI).

2. What is known

In [4], the model equation of motions of pedestrians
were formulated. Among other results, an effect of pres-
sure of crowd was demonstrated; out of two groups at-
tempting to cross the door in opposite directions, the
larger group was prevailing until the larger group be-
came smaller. In this paper, a noise term is included to
the equation of motion, hence the term ’Langevin equa-
tions’. In [5], the same SFM equations were used without
the noise term. There, the desired velocity was associ-
ated with the level of panic. Also, the evacuation time
dependence on the desired velocity was found to display a
minimum. Also, when the desired velocity was increased,
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a change of the process from a laminar to a clogging mode
of the crowd behavior was observed. As the authors re-
marked, the effect was less pronounced for wider exits.
Note that, as noted in [14], the experimental data col-
lected in planes do not show abrupt changes of the effec-
tivity of evacuation when the exit width is changed from
0.6 m to 1.8 m. As shown in [12] with more experimental
data, the relation between the bottleneck width and the
flow of pedestrians does not show any threshold.

In [15], three curves are shown, obtained by simulations
with using the SFM, on the number of pedestrian who
left the room against time. The curves were obtained for
200 pedestrians and three values of the desired velocity:
0.8, 2.0 and 6.0 m/s. First curve (0.8) shows that at the
last stage of evacuation the flow decreases. This effect
exists also, but is weaker, for the second curve (2.0), but
not for the third one (6.0). Instead, the latter curve was
found to be particularly noisy. In Fig. 3 of [15], the dis-
tribution of clogging delays is shown for up to 160 people
and the three above given values of the desired velocity.
Each curve shows a clear maximum between 0.2 and 0.4
s. In this and subsequent paper [16], the cluster size dis-
tribution is also investigated, where a cluster means a
group of people in physical contact between them. For
the laminar and the turbulent flow, this distribution is
found to be qualitatively different.

In [17], the formalism of optimization, developed by
authors for other purposes, has been applied to the evac-
uation problem. Both clogging and arching have been
observed in the simulation. The evacuation time depen-
dence on the number of people was found to decrease in a
non-linear way, but no minimum of this curve was found.
In [18], the influence is investigated of the desired veloc-
ity on the evacuation time, the latter being a measure
of panic. The mode of motion when the evacuation time
increases with the desired velocity has been classified as
turbulent. The effect of wider exit was investigated di-
rectly: the desired velocity where the evacuation time
displays a minimum was shifted towards larger value with
the exit width. In [19] and references cited therein, an
experiment performed in a wardroom with a group of 70
soldiers is described. It was found among other results
that the clogging is more likely if the number of persons
is larger than 45.

For completeness we remark also our two recent pa-
pers [20, 21], where the SFM was used to investigate the
chances that persons in the crowd can decide about them-
selves. The stationarity of the process of evacuation was
not investigated there.

3. The model and simulation

The simulation is based on the model of crowd dynam-
ics, described by Helbing et al. [5]. In this model, the
equation of motion of a person i of mass m is written as

m
dvi

dt
= m

v(ri)− vi

τ
+

∑

j(6=i)

f ij +
∑

W

f iW (2)

where the first term on the right hand side is the tenta-

tive acceleration of a person i who intends to have the
velocity v(ri), (its length commonly termed as the de-
sired velocity) dependent on the coordinates ri. As a
rule, the vector v points to the exit center (large dis-
tance from the person to the exit) or to the closest point
of the exit (small distance). Further, τ is the character-
istic time of this acceleration, vi is the actual velocity
of i-th person, f ij is the force exerted on i-th person by
j-th person, and f iW is the force exerted on i-th person
by a wall W . The force f ij contains three components;
’social’ interaction which describes the tendency of i and
j to keep distance between each other, and two physical
interactions between their bodies: radial force and slide
friction. The social part of interaction is also adapted
from [5]. It is given by

fpsych
ij = Ai exp((2R− ∥∥ri − rj

∥∥)/B) (3)
where Ai and B are constants, R is the mean ’radius’ of
the vertical projection of the human body, and ri is the
position of i-th agent. The parameters of the simulation
are adapted from [5]: the amplitude of the social force
Ai = 2000N , the constant B which is responsible for the
spatial dependence of the social force is 0.08m, the radii
of agents R = 0.3m, their masses m = 75kg, the charac-
teristic time of acceleration is τ = 0.5s and the absolute
value of the desired velocity is |v| = 3m/s. As remarked
in [5], these values allow to reproduce experimental inter-
personal distances and flows through bottlenecks. Also,
the same values are assumed for all persons, to mini-
mize the number of parameters. The instant values of
the velocities vi allow to update the positions ri as well.
The equations of motion are solved with the Runge-Kutta
method of 4-th order.

The simulation was performed as follows. N = 103

pedestrians were gathered at a the closed exit of width
of 1 m, which was opened at t = 0. The time lags
∆i = ti+1 − ti were measured between crossing of the
exit by subsequent pedestrians. The simulation was re-
peated 100 times.

4. Data analysis

In our analysis procedure, we split the data of each
run into ten non-overlapping parts corresponding to 100
persons leaving the room. Each part is analyzed inde-
pendently, but averages over all 100 simulation runs are
calculated to improve statistics.

Quantitatively, correlations between time lags ∆i sep-
arated by s people are defined by the (auto-) correlation
function,

C(s) ≡ 1
L− s

L−s−1∑

i=0

(∆i − ∆̄)(∆i+s − ∆̄) (4)

where L is the length of the considered data part and ∆̄
is the average time lag in this part. If the time lags are
uncorrelated, C(s) is zero for s positive. If correlations
exist up to a certain number of people s×, the correla-
tion function will be positive up to s× and vanish above
s×. For the relevant case of long-range correlations, C(s)
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decays as a power law,
C(s) ∼ s−γ , 0 < γ < 1. (5)

A direct calculation of C(s) is hindered by the non-
stationarities and trends in the data, since ∆̄ is not
constant. We thus apply return interval statistics and
detrended fluctuation analysis to study short-term and
long-term correlations in the data, respectively.

Usually, return interval statistics (RIS) study the time
intervals between ’extreme events’ that exceed a given
threshold [22–27]. In a sequence of uncorrelated values
(’white noise’), these return intervals are also uncorre-
lated and distributed according to a Poisson distribution,

Pq(r) = (1/Rq) exp(−r/Rq) (6)
where Rq is the mean return interval 〈r〉 for the given
threshold q. For long-correlated data, on the other hand,
a stretched exponential distribution

Pq(r) =
aγ

Rq
exp[−bγ(r/Rq)γ ] (7)

has been observed [22–25], where the exponent γ is the
correlation exponent from Eq. (5), and the parameters
aγ and bγ are independent of q [24, 25]. If, on the other
hand, the data is nearly deterministic (and not random),
all return intervals will fluctuate weakly around the typi-
cal value Rq, giving rise to, e. g., a Gaussian distribution,

Pq(r) =
1

σ
√

2π
exp[−(r −Rq)2/(2σ)] (8)

for r > 0 with the small standard deviation σ ¿ Rq.
Here we consider each event of a person leaving the

room as an extreme event, so that the return intervals r
are identical with the time lags ∆i, and Rq is identical
with ∆̄. There is thus no threshold q for extreme events,
but we get much more statistics. Our RIS focus on short-
term correlations (between successive persons).

Detrended fluctuation analysis (DFA) [28] has become
a widely-used technique for the detection of long-range
correlations in noisy, nonstationary time series [29–31].
The DFA procedure consists of four steps. First we
determine the ’profiles’ Y (j) ≡ ∑j

i=0(∆i − ∆̄), j =
1, . . . , L. Secondly, we divide Y (j) into Ls ≡ int(L/s)
non-overlapping segments of equal length s. Thirdly, we
calculate the local trend for each segment by a least-
square fit of the data. Linear, quadratic, cubic, or higher
order polynomials can be used in the fitting procedure
(conventionally called DFA1, DFA2, DFA3, . . .) [32].
Then we determine the variance F 2

s (ν) of the differences
between profile and fit in each segment ν. Fourthly, we
average F 2

s (ν) over all segments and take the square root
to obtain the fluctuation function F (s). Since we are
interested in how F (s) depends on the time scale s, we
have to repeat steps 2 to 4 for several s. Apparently,
F (s) increases with increasing s. If data ∆i are long-
range power-law correlated according to Eq. (5), F (s)
increases, for large values of s, as a power-law,

F (s) ∼ sα, α = 1− γ/2. (9)
To determine the asymptotic scaling behavior of this

fluctuation function we plot F (s) as a function of s on

double logarithmic scales and calculate the slope α by a
linear fit in the regime 10 < s < 100. This way, short-
term correlations affecting less than 10 persons subse-
quently exiting the room are ignored in the analysis.

5. Results

In Fig. 1, results are shown for the average values and
medians of ∆n against the number n of pedestrians re-
maining in the room. As we see, two parts of the process
can be distinguished. In the first regime from n = 990
to ≈ 50, averages and medians differ significantly and
the fluctuations of ∆n are rather strong. However, the
fluctuations seem to decrease gradually, and so do the
measured values. In the second regime from n ≈ 50 to
0, where fluctuations are small, averages and medians
are nearly identical, and the measured values increase
slightly. This change of behavior can be interpreted as a
cross-over from a stage with temporal cloggings to a lam-
inar stage. In the latter case, the crowd behind pedestri-
ans at the exit is large enough to push them out but not
large enough to cause clogging. The appearance of the
second stage of evacuation agrees with the character of
two out of three discharge curves, presented in Fig. 2 of
[15], for small and moderate desired velocity. We refer to
Helbing et al. [33] (Section 2) regarding the applicability
of the terms ’phase transition’ or ’pattern transition’ to
finite non-equilibrium systems such as the one considered
here.

Fig. 1. Mean values and medians of the time lags ∆n

against the number n of pedestrians remaining in the
room. Data from 100 simulations with N = 1000 people
are included. The strong fluctuations at the beginning
of the simulations (n close to 1000) are transient effects
due to the opening of the exit. One can distinguish two
regimes (approximately for n > 50 and n < 50) when
comparing averages and medians.

In Fig. 2(a), we show the distributions of return in-
tervals r = ∆n, i. e. P (r) gathered in shorter parts of
the data, where the departure from stationary flow can be
approximately neglected. However, comparing the statis-
tics, we see the differences. Initially, for large numbers
n of people in the room, there is a large exponential tail
of the distribution, formed by the clogging events and
corresponding to the Poisson distribution Eq. (6) with a
modified prefactor. In addition, there is a distinguished
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Fig. 2. (a) Distributions P (r) and (b) scaled distribu-
tions R · P (r/R) of the time lags r = ∆i with mean
R = ∆̄ for n = 900 to 800 (black squares), n = 700
to 600 (red circles), n = 500 to 400 (blue triangles up),
n = 300 to 200 (green triangles down), and n = 100
to 0 (violet diamonds) persons remaining in the evacu-
ated room. The unscaled distributions in (a) show that
the nearly Gaussian peak for short time lags is hardly
changing, while the exponential tail is decaying with de-
creasing n. The inset in (a) shows the fitted slopes R∗ of
the exponentials decays (black squares together with the
Pearson correlation coefficients of the fits (blue open cir-
cles). The scaled distributions in (b) show that R = ∆̄
characterizes the exponential peak fairly well.

maximum near the time lag r = ∆n ≈ 0.2 s, which
is approximately described by a Gaussian distribution
Eq. (8), also with a modified prefactor. The center of
this peak agrees approximately with the results shown
in Fig. 3 of [15]. We see that there are apparently two
distinct components in the time lag distributions: typical
short time lags around 0.2 s (probably due to persons suc-
cessively exiting without delays) and exponentially dis-
tributed longer time lags (probably due to interruptions
in the flow of exiting people because of clogging or arch-
ing effects).

For smaller numbers n of people in the room the ex-
ponential tail decreases, to nearly vanish during the last
stage, i. e. for n = 50 to 0. Simultaneously, the nearly
Gaussian peak for short time lags is hardly changing.
While the behavior of the short time lags is well charac-
terized by the nearly constant median of ∆n (see Fig. 1),
the changing averages of ∆n, i. e. ∆̄, characterize the ex-
ponential behavior for long time lags. This is confirmed
by the plot of scaled distributions shown in Fig. 2(b).

The application of DFA to the data from each of the
ten parts yields fluctuation exponents α very close to
0.5, which proves the absence of relevant long-term cor-
relations during all stages of the evacuation procedure.
Specifically, we obtain α = 0.55 and 0.54 for the first two
parts (between 1000 and 800 people in the room) and val-
ues between 0.50 and 0.53 for all other parts. Since the
systematic error of such fluctuation exponents is around
0.05 for time series of just 100 values [29], all of these
numerical results are fully consistent with the null hy-
pothesis of only short-term correlations in the data.

Finally, we are interested in the scaling behavior of
the so-called discharge curve, i. e. the number of people

Fig. 3. The average discharge curve 〈n(tm− t)〉−m is
shown versus the time t that measures the time interval
till only m persons remain in the room. Curves are
shown for m = 20 (red), 50 (black), 100 (blue), and
200 (violet). Each curve is fitted with tβ in the scaling
regime 50 < t/s < 500.

remaining in the room against time. However, as we ob-
serve in Fig. 1, for the last approximately 50 persons the
character of the curve changes. Then, for each numerical
experiment j = 1, ..., 100 we determine the time tj50 when
m = 50 persons are left in the room in j− th experiment,
and we investigate the dependence of n(tj50 − t) − 50 on
t for t < tj50. Again, n(t) is the number of pedestrians
in the room. This dependence is averaged over all 100
experiments. The result is shown in Fig. 3 in the log-log
scale. Fitting the result to a straight line we get an expo-
nent β, which indicates if and how the evacuation speed
depends on the crowd size in the first stage of evacua-
tion. A result β = 1 means lack of this dependence; if
β = 1, the evacuation is stationary at least in its first
stage. However, our result is that clogging events make
the evacuation slower, and these events are more likely
if the number of pedestrians in the room is larger. The
latter effect agrees with the experimental result in [19].

Effectively, our exponent β is smaller than one; we
get β = 0.832 ± 0.001 for the fitting range 50s< t <
500s and parameter m = 50 as cutoff point of minimal
number of persons in the room. Fig. 3 also shows that
the numerical value of β is depending on m, reaching
a bit smaller values for smaller m and larger values for
larger m. We admit that perhaps the scaling regime is
not fully reached yet because the crowd may be too small.
Still, the conclusion that β is close to 0.85 seems to be
well grounded. This form of the scaling relation allows
to extrapolate the results for larger crowds.

6. Discussion

The results indicate that the probability distribution
of the time lags ∆i changes in time. In other words, the
evacuation process simulated here is not stationary. One
of the consequences is that the total evacuation time de-
pends on the number n of pedestrians in the room, and
therefore it is not a good measure of the efficiency of
the process. If the size of the crowd is large, effects of
clogging appear which are absent for small numbers of
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pedestrians. Although the case of larger desired velocity
is not investigated here, we can reasonably expect that
our findings will be particularly important if large desired
velocity happens to be combined with large crowd. Ef-
fects of victims, who become obstacles, can only enhance
the nonstationary character of the process.

A straightforward interpretation of our result is that
the SFM successfully describes the effect of cumulation
of the physical forces between agents at the exit. Keep-
ing the hydrodynamic analogy, the pressure at the exit
increases with the crowd size. If this pressure exceeds
some critical value, pedestrians at the exit are not able
to move, even if they are close to the exit. This is the
origin of the observed large values of the time lags ∆i,
and the dependence of the size of the exponential tail of
the lag distribution on the size of the crowd.

On the other hand, the data analysis with the re-
turn interval statistics and detrended fluctuation analysis
shows that there is no transition between the first stage,
when the mean time lag ∆̄ decreases, and the second
stage, when the mean time lag increases. Also, correla-
tions between pedestrians leaving the room in subsequent
times are broken by the clogging events. As a result, the
observed tail of the probability distribution of ∆ is Pois-
sonian.

Acknowledgements

The research is partially supported by grants of the
Polish Ministry of Science and Higher Education for sci-
entific research and by the European Union within the
FP7 project SOCIONICAL, No. 231288.

References

[1] D. Helbing, Complex Systems 6, 391 (1992).
[2] S. Reicher, in Blackwell Handbook of Social Psychol-

ogy: Group Processes, Eds. M. A. Hogg and R.S. Tin-
dale, Blackwell, Oxford 2001, p. 182.

[3] R.H. Turner, L.M. Killian, Collective Behavior, En-
glewood Cliffs, N. J., Prentice-Hall, 1972.

[4] D. Helbing, P. Molnár, Phys. Rev. E 51, 4282 (1995).
[5] D. Helbing, I. Farkas and T. Vicsek, Nature 407, 487

(2000).
[6] T.S. Hall, The Hidden Dimension, Doubleday, Gar-

den City, N.Y., 1966.
[7] A. Kirchner, K. Nishinari, A. Schadschneider, Phys.

Rev. E 67, 056122 (2003).
[8] R. Y. Guo, H. J. Huang, Physica A 387, 580 (2008).
[9] D. Helbing, I. J. Farkás, P. Molnár and T. Vic-

sek, in Pedestrian and Evacuation Dynamics, Eds.
M. Schreckenberg, S. D. Sharma, Springer, Berlin
2002, p. 21.

[10] A. Johansson, D. Helbing, in Econophysics and
Sociophysics. Trends and Perspectives, Eds.
B.K. Chakrabarti, A. Chakraborti, A. Chatterjee,
Wiley-VCH, Weinheim 2006, p. 449.

[11] F. Schweitzer, Brownian Agents and Active Particles.
Collective Dynamics in the Natural and Social Sci-
ences, Springer-Verlag, Berlin 2003.

[12] A. Schadschneider, W. Klingsch, H. Küpfel, T. Kretz,
C. Rogsch, A. Seyfried, in Encyclopedia of Complex-
ity and Systems Science, Ed. R.A. Meyers, vol. 5,
Springer Science+Business Media, New York (2009),
p. 3142.

[13] Z. Xiaoping, Z. Tingkuan, L. Mengting, Building and
Environment 44, 437 (2009).

[14] H. C. Muir, D. M. Bottomley, C. Marrison, Interna-
tional J. Aviation Psychology 6, 57 (1996).

[15] D. R. Parisi, C. O. Dorso, Physica A 354, 606 (2005).

[16] D. R. Parisi, C. O. Dorso, Physica A 385, 343 (2007).

[17] J. Izquierdo, I. Montalvo, R. Pérez, V.S. Fuertes,
Physica A 388 1213 (2009).

[18] R. A. Kosiński, A. Grabowski, Acta Phys. Pol. B
Proc. Suppl. 3, 365 (2010).

[19] A. Seyfried, A. Portz, A. Schadschneider, LNCS
6350, 496 (2010).

[20] P. Gawroński, K. Saeed, K. Kułakowski, LNAI 6071,
220 (2010).

[21] P. Gawroński, K. Kułakowski, Comp. Phys. Com-
mun. 182, 1924 (2011).

[22] A. Bunde, J. F. Eichner, S. Havlin, J.W. Kantelhardt,
Physica A 330, 1 (2003).

[23] A. Bunde, J.F. Eichner, J.W. Kantelhardt, S. Havlin,
Phys. Rev. Lett. 94, 048701 (2005).

[24] E. Altmann, H. Kantz, Phys. Rev. E 71, 056106
(2005).

[25] J.F. Eichner, J.W. Kantelhardt, A. Bunde, S. Havlin,
Phys. Rev. E 75, 011128 (2007).

[26] M. S. Santhanam, H. Kantz, Phys. Rev. E 78, 051113
(2007).

[27] N. R. Moloney, J. Davidsen, Phys. Rev. E 79, 041131
(2009).

[28] C.-K. Peng, S. V. Buldyrev, S. Havlin, M. Simons,
H.E. Stanley, A.L. Goldberger, Phys. Rev. E 49,
1685 (1994).

[29] J.W. Kantelhardt, E. Koscielny-Bunde, H.H.A. Rego,
S. Havlin, A. Bunde, Physica A 295, 441 (2001).

[30] K. Hu, P. Ch. Ivanov, Z. Chen, P. Carpena, H.E. Stan-
ley, Phys. Rev. E 64, 011114 (2001).

[31] Z. Chen, P. Ch. Ivanov, K. Hu, H.E. Stanley, Phys.
Rev. E 65, 041107 (2002).

[32] A. Bunde, S. Havlin, J.W. Kantelhardt, T. Penzel,
J.-H. Peter, K. Voigt, Phys. Rev. Lett. 85, 3736
(2000).

[33] D. Helbing, M. Treiber, A. Kesting, M. Schönhof,
Eur. Phys. J. B 69, 583 (2009).


