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“Pedestrians in a box”: a comparison to hard discs
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Abstract. We analyse the behaviour of pedestrians in a set of controlled exper-
iments in which subjects were asked to move continuously in a closed square
area, a scenario that we name “pedestrians in a box”. Since the size of the area
and the number of pedestrians were changed between experimental sessions,
this scenario resembles the treatment of a gas in statistical physics. We de-
fine a few statistical observables and compare the dynamics of the system to a
gas of hard discs, which results to be able to reproduce some aspects of crowd
dynamics in the high density setting, and discuss the meaning of our findings.

1 Introduction

Second order differential equations are widely used for modelling the behaviour of pedestri-
ans and hence the dynamics of crowds. Indeed, when simulating the motion of a system that,
as it is to be expected for the human body, follows the laws of classical mechanics, using
equations that relate the acceleration of the centre of mass with the total force exerted on it
appears to be a logical choice.

Nevertheless, there are a few well known reasons to be cautious when using a system
of coupled second order differential equations to describe crowd dynamics. The use of such
models has become widespread after the introduction of the so-called “Social Force Model”
(SFM) by [1], in which the acceleration of the i-th pedestrian is given (omitting a stochastic
term) by

mir̈i(t) = Fgi (t) + Fs
i (t) + Fp

i (t). (1)

The Fp term, which represents physical forces between the pedestrians and the surround-
ing environment such as bumping and pushing on other people and obstacles, is hardly con-
troversial. On the other hand, the introduction of the first term, which may be called the “drift
in the direction to the local goal”

Fgi (t) = −ki(ṙi(t) − vgi (t)),

ki being a (possibly pedestrian dependent) constant, and vg the local preferred velocity, and of
the second term, which is, somehow misleadingly, named “Social force” Fs, has been largely
criticised by other researchers.

Large part of the criticism was actually due to the fact that, in the original formulation,
the “social” term included only a collision avoidance behaviour, modelled using a pair-wise
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repulsive potential U

Fs
i (t) =

∑
j�i

f (ri j(t))
ri j(t)
ri j(t)

= −
∑
j�i

∇ri U(ri j(t)), (2)

where
ri j = ri − r j, ri j ≡ ||ri j|| (3)

is the relative vector distance to another pedestrian j, and ∇ri the gradient computed with
respect to the position of the i-th pedestrian, while works such as [2, 3] (and common sense)
suggest that a realistic collision avoidance behaviour would use a force dependent also on the
relative velocity.

Anyway, a more subtle and fundamental criticism at the very concept of “Social Force”
has been discussed. For example, [4] argues that pedestrians do not feel “a social force”
neither do they even choose “their next acceleration”, but rather choose their next velocity
based on a more holistic analysis of the surrounding environment. Let us ignore the actual
“physical forces” Fs and express the “next velocity” (chosen through a non-trivial holistic
analysis of the environment) as v∗. Then the equations of motion are

r̈i(t) =
v∗i(t) − ṙi(t)

τi
, (4)

τ being a characteristic reaction time.
It is hard to argue against this approach being more natural, and as such being in most

cases a better way to build a model. Nevertheless claims that “forces cannot describe human
behaviour” are still going too far, because by manipulating eq. 4 as

r̈i(t) =
v∗i(t) − ṙi(t)

τi
+

vg
i(t) − vg

i(t)
τi

, (5)

defining ki = mi/τi and

Fs
i (t) ≡ mi

v∗i(t) − vg
i(t)

τi
(6)

we see that the two approaches are mathematically equivalent.
Furthermore we shouldn’t forget that the purpose of most crowd dynamics models, in-

cluding those that take a microscopic description approach, is to reproduce statistical or at
least macroscopic results (although reproducing the microscopic dynamics may be necessary
to assess situations of possible danger), and this may be attainable to some extent even by a
repulsive force model.

For example, it has been shown [5] that the phenomenon of stripe formation in crossing
flows can be reproduced even by very simple models, although to reproduce the exact patterns
and time scales observed in pedestrians more complex and velocity dependent models may
be necessary [6].

Furthermore, many practitioners often use repulsive force models to describe egress situ-
ations, an approach justified by the fact that in those scenarios all pedestrians share the same
goal and have roughly the same velocity.

We believe that in order to clarify these points, it is necessary to study in a quantitative
way the ability of physical models to reproduce pedestrian dynamics in very simple settings.
To this end, in this work we take in consideration a scenario that, although quite artificial,
appears to be very well fit to test the ability of a model to reproduce the statistical properties
of crowd dynamics, although it may dramatically fail to describe its microscopic details. We
are going to introduce this scenario in the next section.
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2 The “Pedestrians in a box” scenario

A data set of controlled experiments in which N pedestrians were asked to move continuously
in a closed rectangular space of area A = Lx × Ly, while their positions were tracked using
PeTrack [7], was introduced by [8]. The values of A and N where kept fixed during each
session, and changed between sessions (see Fig. 1 and refer to [8] for further details).

For the purpose of this work, we use a subset of data concerning the following A and N
conditions.

1. Low density: A = Lx × Ly = 12 × 8 m2, N = 5 (corresponding to a pedestrian density
of ρ ≈ 0.052 pedestrians per square meters), with an experimental run of τ ≈ 140 s,

2. Medium density: A = 12 × 8 m2, N = 42 (ρ = 0.4375 ped/m2), τ ≈ 160 s

3. High density: A = 3 × 3 m2, N = 42 (ρ ≈ 4.66 ped/m2), τ ≈ 97 s.

This looks like a very good scenario to test the ability of a simple physical model to re-
produce statistical features of a pedestrian system although it may not reproduce the detailed
microscopic dynamics. In such a scenario, pedestrians meet at a variety of different angles
and relative velocities, and their specific collision avoidance is expected to exceed that of a
position based repulsive model such as, for example, the original SFM. On the other hand,
exactly because almost all possible velocities and angles of interaction are present, we could
expect that the overall effect may be, if the system is observed for a long enough time and
effects are averaged in a statistical way, equivalent to some form of noise, and that a simple
model may still be used to describe the dynamics.

Figure 1. Snapshots of the experiments for (from left to right) the low, medium and high density
settings.

This scenario has also a clear physical parallel in a gas of particles enclosed in a box,
whose statistical properties at equilibrium are well understood when described by a classical
physics Hamiltonian (per unit mass, assuming all masses equal) of the form

H(qi, pi) =
1
2

N∑
i=1

pi · pi − U(qi) =
1
2

N∑
i=1

p2
i − U(qi), (7)

where U is a potential depending on the positions of all particles qi, and

pi = vi ≡
dqi

dt
, p2

i ≡ pi · pi

.
Excluding the case of the perfect gas of point mass particles, which does not include any

actual interaction besides the confinement due to the walls of the box, the simplest system
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following eq. 7 is a system of hard discs of radius R, undergoing elastic collisions between
each other and with the walls. Although such a system is clearly too simple to describe
realistic pedestrian movement (it does not even include a driving term such as Fg in eq.
1), in the spirit of this work we will try to see to which extent even such a simple model
can reproduce some features of crowd dynamics. To make the comparison as realistic as
possible, we will use discs with an area comparable to the 2D projection of the human torso,
i.e. a radius R ≈ 0.16m.

3 Observables

3.1 Definition

We use a few observables that may allow us to analyse the “Pedestrian in a box” system and
compare it to the hard discs “model”. All the observables are statistical in nature, although
their definition takes advantage of the fact that we have access to the microscopic dynamics,
i.e. to the trajectories of all pedestrians (and in simulations, of all discs).

1. We first define the system’s temperature T as (taking in consideration that we are deal-
ing with a 2D system and using the most convenient units) the average kinetic energy
per unit mass

T =
1

2N

〈 N∑
i=1

v2i

〉
, (8)

where 〈 〉 represents a time average.

2. We then use as one of our observables the speed probability density function (pdf) p(v),
which at statistical equilibrium, for a system described by eq. 7 (regardless of the form
of U) follows the Rayleigh (2D Maxwell) distribution

p(v) =
v

T
e−

v2
2T . (9)

3. We also measure the probability density of the distance between pedestrians d(r),

4. along with the more detailed probability density of the distance to the n-th neighbour
dn(r).

5. We finally study the mean absolute dispacement of pedestrians through

∆(t) = 〈‖r(t0 + t) − r(t0)‖〉 .

where the average is now intended over all possible pedestrians and trajectory times t0.

3.2 Computation

To compute the observables concerning the experimental data, we perform the aforemen-
tioned averages over all trajectories and times, although, to avoid possible edge effects, we
consider only times in the interval [0.15τ, 0.85τ].

Similarly, for the hard discs system, we put N identical discs in a Lx, Ly box, the param-
eters being the same as in the experiments, and run an ensemble of n = 100 independent
simulations, each lasting for a time T̃ equivalent to (70% of) the original experiment length.
For each observable, we can plot the ensemble average and standard deviation, and compare
to the experimental values.
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Figure 2. Distance pdf for N = 5, Lx = 12 m, Ly = 8 m (low density). Top left: distance between first
neighbours d1(r). Top right: distance between fourth neighbours d4(r). Bottom: overall distance d(r).
Experimental values: solid line histogram. Hard disc simulations ±σ intervals: dashed lines.

4 Results
4.1 Probability density of distance between pedestrians d(r) and di(r)

Fig. 2 shows the probability density of distance between first neighbours d1(r) (top left),
fourth neighbours d4(r) (top right), and overall probability density of distance between pedes-
trians d(r) (bottom), for the N = 5, Lx = 12 m, Ly = 8 m experiments and simulations. Fig.
3 shows the probability densities of distance between first neighbours d1(r) (top left), 41-st
neighbours d41(r) (top right), and overall d(r) (bottom), for the N = 42, Lx = 12 m, Ly = 8
m experiments and simulations. Fig. 4 shows the probability densities d1(r) (top left), d41(r)
(top right), and d(r) (bottom) for the N = 42, Lx = 3 m, Ly = 3 m experiments and simula-
tions.

We may notice that at low and medium densities the non-zero support of d(r) is reduced
with respect to the hard-discs simulations, as pedestrians appear to keep larger distances both
to their first neighbours and the walls (i.e., a closer distance to their last neighbours) with
respect to the hard discs, which get as close to the obstacles as their physical radius R.

On the other hand, at high densities, the overall and last neighbour distance pdf are very
well described by the hard disc model. The model, nevertheless, fails in describing the dis-
tance to the first neighbour, which has a non-zero support also for distances smaller than the
hard disc radius R.

These results are hardly surprising. Pedestrians will anticipate a collision and perform
the corresponding avoiding behaviour before reaching contact with obstacles, and as a result,
if there is available space, they will always keep a comfortable distance to walls and other
people. On the other hand, when very little space is available, they may take advantage of the
asymmetry and flexibility of their bodies to reach distances that are forbidden to the discs.

4.2 Speed probability density p(v)

Fig. 5 shows the speed probability density functions p(v) for the N = 5, Lx = 12 m, Ly = 8 m
(top left), N = 42, Lx = 12 m, Ly = 8 m (top right) and N = 42, Lx = 3 m, Ly = 3 m (bottom)
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Figure 3. Distance pdf for N = 42, Lx = 12 m, Ly = 8 m (medium density). Top left: distance between
first neighbours d1(r). Top right: distance between 41-st neighbours d41(r). Bottom: overall distance
d(r). Experimental values: solid line histogram. Hard disc simulations ±σ intervals: dashed lines.
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Figure 4. Distance pdf for N = 42, Lx = 3 m, Ly = 3 m (high density). Top left: distance between first
neighbours d1(r). Top right: distance between 41-st neighbours d41(r). Bottom: overall distance d(r).
Experimental values: solid line histogram. Hard disc simulations ±σ intervals: dashed lines.

experiments and simulations, performing a comparison with the Rayleigh distribution of eq.
9, and with a best-fitted Rice distribution

p(v) ∝ ve−
v2+ν2

2σ2 , (10)

which may be expected to be more realistic for a system of active particles with a preferred
speed, as it can describe distributions around a non-zero speed value ν.

6

EPJ Web of Conferences 334, 04018 (2025)	 https://doi.org/10.1051/epjconf/202533404018
TGF’24



0 0.5 1 1.5
v(m/s)

0

0.5

1

1.5

2

2.5

p
(v

)

0 0.5 1 1.5
v(m/s)

0

0.5

1

1.5

2

p
(v

)

0 0.25 0.5 0.75
0

1

2

3
p
(v

)

Figure 5. Speed probability density p(v) for the N = 5, Lx = 12 m, Ly = 8 m (top left), N = 42, Lx = 12
m, Ly = 8 m (top right) and N = 42, Lx = 3 m, Ly = 3 m (bottom) conditions. Experimental values:
blue solid line histograms. Hard disc simulations ±σ intervals: blue dashed lines (not shown for the
low density conditions due to the large band width). Green dot-dashed lines: Rayleigh distribution (eq.
9). Orange dashed lines: best fit of eq. 10.

0 2.5 5 7.5 10
t(s)

0

1

2

3

4

5

6

 ∆
(t

)

N=5, L
x
=12m, L

y
=8m

N=42, L
x
=12m, L

y
=8m

N=42, L
x
=3m, L

y
=3m

0 5 10
t(s)

0

0.5

1

∆
2
(t

)

Figure 6. Left: comparison between the displacement ∆(t) in pedestrians (solid line) and hard discs
(±σ intervals in dashed lines) at different density conditions. Right: comparison between the squared
displacement ∆2(t) in pedestrians (solid line) and hard discs (±σ intervals in dashed lines) for the
N = 42, Lx = 3 m, Ly = 3 m condition.

We see that the Rayleigh distribution (and the hard-disc model) are sufficient to describe
the high-density behaviour, while they completely fail in reproducing the low and medium
density behaviour, for which the Rice distribution appears to be a better description.

4.3 Displacement

Fig. 6 shows on the left a comparison between the displacement ∆(t) in pedestrians and hard
discs at different density conditions, while on the right it shows a comparison between the
square value ∆2(t) in pedestrians and hard discs for the only high density condition.

We can see that pedestrians can move farther in the crowd than hard discs at all density
conditions. The effect is particularly strong at high densities, in which while the displacement
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of hard discs corresponds to a diffusive motion approximately described by ∆2(t) ∝ t, the
displacement of pedestrians is approximately linear in time, ∆2(t) ∝∼ t2.

5 Discussion and conclusions

We may say that the (over-simplistic) hard disc model completely failed in describing both
the space and speed distribution of the “pedestrian in a box” system at low and medium
densities, but was relatively good in describing the high density setting from a statistical view
point, as it may be argued that the only discrepancy (the closer distances attained with respect
to first neighbours) could be corrected just by using asymmetrical bodies (e.g, hard ellipses).

Although such results may be of theoretical interest, this could also be considered a cau-
tionary tale about how a model that reproduces statistical aspects of crowd behaviour may
completely fail in describing some aspects of microscopic behaviour. In our toy problem we
have seen that the hard discs model completely failed in describing the ability of pedestrians
to efficiently displace themselves in the crowd even at high densities; in more realistic settings
the failure could even be related to life-saving situations.

From a theoretical view point, future work may concern investigating whether in order
to reproduce the low-medium densities spatial distributions it may be sufficient to introduce
a less trivial, but still repulsive, collision avoidance, or if more complex models (e.g. using
relative velocity, and/or introducing a density dependence in parameters) are needed.

To reproduce speed distribution, a driving term needs to be introduced, although it would
probably not reproduce the displacement results unless coupled with at least velocity based
collision avoidance, while an interesting problem would be investigating whether also a non-
trivial path planning system is needed.
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