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Secure evacuation of buildings or crowded areas is an important topic in civil engineering.
Pedestrian dynamics simulations help to detect dangerous parts of an evacuation scenario.
Unfortunately, simulations of complex scenarios result in high computational costs. The costs
depend mainly on the used spatial scale. Models from the macroscopic scale (network flow
models) have a low and models from the microscopic scale (spatial continuous models) a high
spatial resolution. The spatial resolution of mesoscopic models (cellular automata) is located in
between. High spatial resolution results in high computational costs. But low spatial resolution
may lead to insufficient simulation results. Consequently, it is difficult to decide for one scale in
a general way. The scenario’s infrastructural characteristics and desired application fields define
which spatial scale should be used. We performed field studies to develop a generic method to
determine the optimal scale based on the given evacuation scenario.

Keywords: pedestrian dynamics; experiment; spatial scales; classification procedure.

1. Introduction

Pedestrian dynamics simulations have to combine two contrary requirements: they have to
model a realistic pedestrian behavior but should to be computational efficient at the same time.
The accuracy of a pedestrian dynamics model depends to a large extent on its spatial resolution.
Unfortunately, the spatial resolution influences the needed computational effort. Thus, different
types of pedestrian dynamics models have individual attributes according to spatial resolution
and computational effort. In pedestrian dynamics, three different types of spatial resolution are
mainly used: macroscopic, mesoscopic and microscopic.

Macroscopic simulation models have the lowest computational costs and lowest spatial
resolution. These models reduce the simulation scenario to a simple network graph and calculate
with cumulated parameters (e.g. pedestrian densities) instead of individual pedestrian agents.
They are mainly suitable for scenarios with directed pedestrian flows. An one dimensional
scenario structure supports such walking behavior. A simulation model type much suitable for
such scenarios are the LWR-models from Lighthill & Whitham (1955) and Richards (1956).
Originally designed for vehicle traffic on highways, they were adopted to pedestrian dynamics
by Colombo & Rosini (2005). These models use the continuity equation to describe flow of
human crowds.

Models of the mesoscopic scale have an average spatial resolution and an average computa-
tional effort. These cellular automata simulate individual pedestrian agents on a cellular grid,
whereas each cell can be free, occupied by an obstacle or occupied by exactly one pedestrian.
The assignment of pedestrians to regular grid cells saves computational time, but artificially
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Fig. 1. From left to right: examples of a macroscopic, mesoscopic and microscopic simulation models.

restricts the maximal spatial resolution to the size of one unit cell. Mesoscopic models are most
suitable for open areas without bottle necks and with medium high densities (Biedermann et
al. , 2016). A well-known representative is the cellular automaton from Blue & Adler (2001),
which is able to model bi-directional movement of individual pedestrians.

In the case of high densities or small scale obstacles (e.g. bottlenecks at doors), microscopic
models have to be used due to their high spatial resolution. Unfortunately, microscopic models
are computational heavy compared to mesoscopic or even macroscopic approaches. These
models simulate individual pedestrians on a continuous space. This means that the spatial
resolution is not limited by artificial restrictions. The most wide-spread type of microscopic
modeling are the social force models (Helbing & Molnar , 1995). These models assign a
repulsive force to each simulation object (e.g. obstacles, pedestrians) and an attractive one to
the next intermediate destination of a pedestrian. The superposition of all forces describes the
movement of this pedestrian.

Figure 1 shows an example for the holistic use of all three scales: the macroscopic approach
is used for the transportation along a street network, the open area is simulated by a mesoscopic
model and at the very dense region a microscopic approach is used. The boxes with dashed
lines describe the transition between individual scales. Such hybrid approaches are helpful to
save computational time, since only regions which are potentially dangerous (e.g. bottlenecks,
local high densities) are simulated in a high spatial resolution, while the remaining parts are
calculated by less costly models (Biedermann et al. , 2016). A sufficient overview about current
hybrid approaches are presented by Ijaz et al. (2015). For example, Nguyen et al. (2010)
combine a macroscopic LWR-model with an agent-based leader-follower approach. Rabiaa
& Foudil (2016) propose a hybrid model simulating in real-time, by combining a the overall
movement of a crowd with individual pedestrian behavior. An approach for a generic coupling
of mesoscopic and microscopic simulation models is described by Biedermann et al. (2014).

All these hybrid approaches have in common that they simulate different regions of the
simulation scenario with pedestrian dynamics models from different scales. Therefore, it is
necessary to know which region of the simulation scenario should be simulated on which
spatial resolution. In this work, we analyze the characteristics and attributes from macroscopic,
mesoscopic and microscopic models. Additionally, we present new methods which are able to
determine the most suitable scale for a given simulation scenario.
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2. Characteristics of different spatial scales

Table 1. Relationship of the suitability between multi-scale scenarios and simulations.

Microscopic
Scenario

Mesoscopic
Scenario

Macroscopic
Scenario

Microscopic
Simulation Model suitable inefficient very

inefficient
Mesoscopic

Simulation Model
not

accurate suitable inefficient

Macroscopic
Simulation Model

not
accurate

not
accurate suitable

A scenario with characteristics from a specific spatial scale should be simulated with a
simulation model from the same scale. If models from other scales are used for the simulation
process, various disadvantages can occur. Table 1 gives an overview about this issue: the
simulation results can suffer from inaccuracy, if a too low spatial scale is used for the
simulation. If a too high spatial scales is used, the simulation will be inefficient since too
much computational effort is spent for the simulation process. Thus, a clear definition of spatial
scale characteristics is necessary to assign the correct resolution to a given scenario.

Macroscopic Scale Mesoscopic Scale Microscopic Scale(a)

(a)

(b) (c)

Fig. 2. From left to right: examples of a typical macroscopic, mesoscopic and microscopic scenario.

Macroscopic pedestrian dynamics scenarios are characterized by their one-dimensional like
structure, which means that pedestrians on the macroscopic scale share the same walking
direction. Such behavior is mainly recognized on directed transportation facilities like street
networks or walking paths. But it also appears on open space scenarios if most of the pedestrians
are heading towards similar directions. Pedestrians of a crowd move into similar directions if
their points of interest are the same. Destinations at the entrance areas of a public event are
examples for such shared points of interest: every visitor is heading to one of the entrances and
this results in directed flows towards these areas. Figure 2a shows an example of a macroscopic
scenario. People in this picture walk towards the same destination and therefore a directed flow
is clearly visible. Section 3 describes mathematical methods to recognize such macroscopic
behavior in a scenario.

Pedestrian dynamics scenarios on the mesoscopic scale are characterized by a diverse and
therefore two-dimensional walking behavior. This is observed on open scenarios in which
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pedestrians of a crowd have no or only few shared points of interest. Therefore, they are heading
towards individual destinations and no directed flow occurs. An example for this scenario type is
a weekly market in a small town. All pedestrians have their own points of interest (e.g. different
vendor stands, people they know) and no directed flows can occur. Figure 2b represents a typical
mesoscopic scenario on a schoolyard. The pupils are walking around without having shared
destinations, everyone walks towards the direction he or she likes.

Scenarios on the microscopic spatial scale are characterized by their high local densities
or the existence of movement space restricting small scale obstacles (e.g. bottlenecks). In
the case of high local densities the pedestrians’ velocity is rather small (Weidmann , 1992).
Mesoscopic simulation models are not able to simulate microscopic scenarios sufficiently since
high densities and critical small scale objects are difficult to model in mesoscopic simulation
approaches. Figure 2c shows a typical microscopic scenario: a dense crowd is visible in an
environment with movement restricting obstacles (e.g. fire extinguisher, columns).

Table 2. Necessary geometries and maximal pedestrian densities for mesoscopic and
microscopic models. Size values of the torsos are based on Weidmann (1992).

Mesoscopic Minimal
Cell Size

Maximal
Density

Triangular
Cell Shape at = 2

√
3r ≈ 0.80m 1

At
= 4
√
3

3a2t
≈ 3.64 ped/m2

Quadratic
Cell Shape aq = 2r = 0.46m 1

Aq
= 1

a2q
≈ 4.73 ped/m2

Hexagonal
Cell Shape ah = 2

√
3

3 r ≈ 0.27m 1
Ah

= 2
√
3

9a2h
≈ 5.46 ped/m2

Microscopic Torso
Size

Maximal
Density

Circular
Torso r = 0.23m 1

Ac
= ηc

r2π
≈ 5.46 ped/m2

Elliptical
Torso

a = r
b = 1

2r
1
Ae

= ηe
a·bπ ≈ 10.47 ped/m2

The decision if a scenario is mesoscopic or microscopic depends on two aspects: the maximal
density in this scenario and on the occurrence of critical small scale obstacles. The maximal
density which can be represented by mesoscopic models is limited by one pedestrian per cell,
which results in the maximal possible densities described in Table 2. In simulation models
from the microscopic scale pedestrians are typically represented as circular or elliptical shaped
torsos. According to Weidmann (1992), the space requirements of a pedestrian can represented
by either a circle with a radius of r = 0.23 m or as an ellipsea with half-axes of a = 0.23 m

and b = 0.115 m. Since a grid cell has to contain the whole torso of a pedestrian, a necessary
minimum cell size can be calculated based on radius r respectively half-axis a. The half-axes
of this ellipse result in an aspect ratio of a

b = 2. In theory, the maximal density would be
6.02 ped/m2 for circular shaped torsos and 12.03 ped/m2 for elliptical shaped ones. However,
contrary to regular triangles, rectangles and hexagons, it is not possible to fill a two dimensional
plane completely with circles or ellipses. Circles have a maximal packing density of ηc =

aActually, a circle can be also seen as an ellipse with aspect ratio a
b
= 1.
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π
2
√
3
≈ 0.91 (Chang & Wang , 2010) and ellipses with an aspect ratio of ab = 2 have a maximal

packing density of ηe ≈ 0.87 (Guises et al. , 2009). The packing density ηc (ηe) describes the
maximal percentage share of an area which can be filled by packing only circles (ellipses). Thus,
the theoretical pedestrian density of microscopic models has to be reduced according to these
factors to obtain the real density limit. Table 2 gives an overview about the maximal densities
and the needed minimal cell size to cover a circular or elliptical torso of a pedestrian. The
maximal density of hexagonal shaped cells is identical to the maximal density of circles. This is
intuitively clear, since the optimal way to pack circles in a plane is a hexagonal lattice (Chang
& Wang , 2010). Furthermore, this overview shows clearly that critical pedestrian densities
over 6.0 ped/m2 (Oberhagemann , 2012) can be only modeled by elliptical shaped pedestrian
agents.

The occurrence of movement space restricting small scale obstacles is another characteristic
of microscopic scenarios. Mesoscopic models have problems with such objects since their
spatial resolution is limited by the size of their grid cells. A grid cell is either occupied or free. So
even if only a small part of an obstacle crosses a grid cell, the cell has to be assigned as occupied.
Otherwise, a pedestrian on such a cell would enter unaccessible areas which would lead to
unrealistic simulation results. Unfortunately, assigning the total cell as occupied unrealistically
restricts the total movement space of the scenario (Biedermann et al. , 2016). A possibility to
lower the number of unrealistic closed cells is the use of a half-filling method (Mayer et al. ,
2014). In this approach, a thin obstacle in a cell only cuts the connection to neighboring cells, but
leaves the cell accessible. In some cases, this helps to prevent the unrealistic restriction behavior
of mesoscopic scenarios. However, if too many small scale obstacles occur in a scenario, a
microscopic simulation model has to be used. Section 4 describes methods how it is possible
to classify scenarios as either mesoscopic or microscopic.

3. Classification of macroscopic scenarios

Macroscopic models are most suitable for scenarios which support one dimensional movement.
Such scenarios are mainly networks of streets or pathways, which enforce one-directional or
bi-directional (in the case of counter flows) movement. One-dimensional movement means,
that the movement of observed pedestrians is strongly biased towards one direction. Based on
our definition that a macroscopic model is most suitable for the description of such movement
behavior, we use weighting methods to recognize macroscopic simulation models.

To detect macroscopic movement behavior, we have to recognize patterns of preferred
directions. Thus, we have to study the walking directions from pedestrians of the observed
scenario. A common way to receive this kind of information is the use of video observations
(Biedermann et al. , 2015). Based on these data samples, we are able to determine the position
of pedestrians at different times. Therefore, a pedestrian’s current direction can be calculated
by comparing the pedestrian’s position at two different times:

~di(t
′) = ~oi(t2)− ~oi(t2) t1 ≤ t′ ≤ t2 (1)

The comparison of the direction vector ~di(t′) from different pedestrians Pi for times t1 and
t2 can be done by the help of a comparison vector ~ν. Vector ~ν is heading towards an arbitrary
direction and is only needed to normalize the direction of all pedestrians P1 towards the same
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direction. Thus, we calculate a direction angle αi(t′) for each pedestrian Pi:

αi(t
′) = arccos

(
~di(t
′) ◦ ~ν

|~di(t′)| · |~ν|

)
(2)

Based on angle αi(t′), we determine if preferred walking directions exist and if the movement
is biased enough to define the scenario as macroscopic. An often used visualization method to
recognize a preference in data samples are classic histograms. For this method, we divide the
possible direction space from Ω = [0, 2π] into constant intervals and calculate how many data
points are located in each interval. This method comes with two major issues: If we use small
intervals a large amount of data samples are necessary to detect a preferred direction with this
method. Secondly, the discretization of our interval strongly influences the localization of our
data samples. Thus, we introduce a rating histogram method, which is able to emphasize peaks
and dips with a low amount of given data points.

Macroscopic
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Fig. 3. Macroscopic and non-macroscopic scenario with their associated classic histogram and weighting
diagram based on rating values.
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In a first step, we define M constant intervals I = [I↓, I↑] ∈ Ω with n · I = 2π for our
angular space Ω = [0, 2π]. The size of one interval for our rating histogram approach can be
arbitrary small, since the location of data samples is independent from size and discretization
of our intervals. For each interval, we rate how strong the data points are biased towards the
intervals mean value Ī = 1

2 (I↑ − I↓). This rating value RI is influenced how close all N data
points αi are located towards the mean value Ī of this interval I:

RI =
1

π

N∑
i

min
(∣∣Ī − αi∣∣ , 2π − ∣∣Ī − αi∣∣) (3)

A low rating value RI stands for a strong bias towards this angle interval I . The value range
equals RI = [0, 1]. Figure 3 shows the difference between a classical histogram and the
weighting diagram approach. Solely based on the classic histogram it is difficult to recognize
if the tested scenario is macroscopic or not: both classic histograms show a small clustering
around some angles, but no clear tendency can be seen. Contrary to the classic histogram, the
weighting diagram shows a clear preference towards the angle interval I = [300◦, 301◦]: The
minimal value of the weighting diagram determines how one-dimensional like a scenario is.
In this example, the macroscopic scenario shows a minimal rating value of 20%, whereas the
non-macroscopic scenario has a rating value from more than 40%. Thus, the rating value of the
non-macroscopic scenario is twice as high as the macroscopic one. The range of the minimal
rating value for a scenario is always in the interval [0, 0.5]: the minimal rating value equals zero
if all vectors are heading towards the same direction and 0.5 if all vectors are evenly distributed
towards all directions.
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Fig. 4. Relationship between the stream recognition value and the rating value.

The next step is to find a sufficient threshold for the rating value RT : a scenario has to be
considered macroscopic, if its rating value is lower than RT . We made an experimental study
to define upper and lower bounds of these threshold parameters. For this study we used one of

7



August 22, 2016 10:55 RPS/Trim Size: 24cm x 17cm for Proceedings/Edited Book fbi16-paper

28. Forum Bauinformatik 2016
19.–21. September 2016, Leibniz Universität Hannover

the most flexible pattern recognition machines, the human mind (Tarr , 2000). In our study, we
showed the 29 participants videos from 9 different pedestrian dynamics scenarios. Afterwards,
the participants had to mention if they did or did not recognize a pedestrian stream on the
video. A scenario was given a point if a stream was visible for the participant, zero points if
the participant was unsure and minus one point if the participant did not see any pedestrian
streams. Some time later, the same videos were shown to the participants but in a different order.
Therefore, each participant was able to rate the stream recognition value of each video between
[−2, 2]. We calculated the minimal rating value for each scenario and associated these values
with the average stream recognition value. The rating values of the scenarios were determined
by calculating the direction vectors of moving pedestrians in three exemplary short video
scenes for each scenario. In one scenario, which had two clearly distinguishable and orthogonal
streams, we only considered the main stream, since we were interested in the one dimensional
structure only. For all other scenarios all moving pedestrians were considered for the calculation.
The relationship between the average steam recognition value and the minimal rating value for
each scenario is shown in Figure 4. Two scenarios received from all participants the maximal
possible rating value of two, which means that all participants recognized a pedestrian stream in
these scenarios. Furthermore, these two scenarios had the best rating values (. 0.2) compared
to all other tested scenarios. Consequently, we propose that scenarios with a minimal rating
value RT < 0.2 can be seen as a macroscopic scenario. Scenarios with a minimal rating value
between [0.2, 0.3] were rated quite high (≥ 1.5), but not all participants recognized pedestrian
streams in these scenarios. However, we propose that these scenarios have a tendency to be
macroscopic. Scenarios with a minimal rating value higher than 0.3 had a stream recognition
value of ≤ 1.0. Thus, we propose that these scenarios are non-macroscopic.

The presented values are sufficient to check if a scenario has a one-dimensional structure.
If counter-flows occur, the method is insufficient, since the contrary flows cancel out each
other. Thus, the rating value would not indicate a macroscopic scenario. Thus, if a macroscopic
scenario with counter-flow should be detected, the direction vectors ~di(t′) have to be mapped
towards the same half sphere of the unit circle. This can be done with the help of the Heaviside-
function:

~d∗i (t
′) = −2~d∗i (t

′) · H(αi(t
′)− π) + ~d∗i (t

′) (4)

To get the rating value R∗I for counter-flows, an additional reduction of the direction space Ω

from 2π to π is necessary:

R∗I =
1

0.5π

N∑
i

min
(∣∣Ī − αi∣∣ , π − ∣∣Ī − αi∣∣) (5)

4. Classification between mesoscopic and microscopic scenarios

Mesoscopic and microscopic scenarios can be distinguished by two aspects: the local pedestrian
density of a scenario and the amount of movement space restricting obstacles.

If the maximal pedestrian density of a scenario extents the limit of the used mesoscopic model
(see Table 2), an appropriate microscopic model has to be used to obtain realistic simulation
results. To classify the local density of a scenario, different methods exist in literature (Duives et
al. , 2015). A classic approach is the grid based method, which divides the scenario by a cellular
grid and counts the number of pedestrians per cell to determine the local pedestrian density. The
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main issue with this approach is the discontinuity of the measured density. Steffen & Seyfried
(2010) propose the Voronoi-method as an alternative for a more continuous measurement of

pedestrian density. This method does not count the pedestrians per area; instead it calculates for
each pedestrian his or her accessible area: all fractions of an area, which are closest to a given
pedestrian are assigned to this person. An issue of this method is the inclusion of obstacles and
walls into the calculation of accessible area fractions. Edie (1963) defined another method, the x-
t approach, to calculate pedestrian densities (Ni & Leonard , 2006; Duives et al. , 2015). The x-t
method is a dynamic extension of the classic approach. It divides the scenario into a cellular grid
and counts how long pedestrians stay in each cell. This enables a more continuous measurement
of density. We recommend the Voronoi-approach or the x-t method for the calculation of density
for a pedestrian dynamics scenario. Based on the calculated densities, it is possible to easily
decide according to Table 2 if a scenario is either mesoscopic or microscopic.

Mesoscopic Scenario Microscopic Scenario

Fig. 5. Comparison of the restricted areas for mesoscopic and microscopic models.

But even if a scenario has a low density, a microscopic treatment can be necessary if small
scale obstacles restrict the movement space of pedestrians. Since the spatial resolution of
mesoscopic models is limited by the size of the unit cell, unrealistic spatial restrictions can
occur: if we consider a bottleneck, e.g. an open door in a wall, its size has to be larger than
the pedestrian’s body radius (smaller half-axis) in a circular (elliptical) microscopic model.
Otherwise, the bottleneck’s space is to small for a pedestrian to walk through this opening
in the wall. But such large bottlenecks can be still too small for pedestrians simulated on the
mesoscopic scale. Figure 5 shows an example for the different restricted areas of mesoscopic
and microscopic models for the same scenario. Grey colored cells represent cells occupied by
obstacles, whereas white cell are free and therefore accessible for pedestrians. This example
shows that mesoscopic grid cells can restrict the available movement space of a scenario in an
unrealistic manner.

A possibility to distinguish between mesoscopic and microscopic scenarios is the ratio RA
between their restricted areas Ameso and Amicro:

RA =
Amicro

Ameso
≤ 1 (6)

A ratio RA close to zero is most likely a microscopic scenario, since the mesoscopic model
restricts much more movement space than the microscopic one. Contrary, a ratio RA close to
one often can be simulated realistically by mesoscopic models. However, a mesoscopic model
can lead to unrealistic movement restrictions, even if the total restricted area has a similar size.
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Mesoscopic Scenario Microscopic Scenario

Fig. 6. For a mesoscopic pedestrian, the corridor is closed , though this bottleneck is accessible for a
microscopic pedestrian.

Figure 6 shows such an example. The mesoscopic model restricts the movement of the whole
corridor, though the size of the restricted area is quite similar compared to the microscopic
model. Consequently, the comparison of restricted areas Amicro and Ameso is no absolute certain
way to distinguish between mesoscopic and microscopic scenarios. The most important aspect
is the question if all relevant paths are accessible for pedestrians from both models. A way
to determine important paths on a scenario are visibility graphs (Kneidl et al. , 2012). Such
graph structures show all possible routes pedestrians can take to walk from their origins to their
destinations by avoiding obstacles. Figure 7 shows a visibility graph for such an exemplary
scenario. The movement space is restricted by the mesoscopic model if the visibility graph of
the microscopic model contains more edges and therefore more walking paths. This means, that
the mesoscopic model has less accessible pathways than the microscopic model. Therefore, all
areas which are not accessible in the mesoscopic model have to be simulated with a microscopic
approach. For such combined approaches, hybrid models should be used (Ijaz et al. , 2015).
However, mesoscopic areas with the same amount of edges like the microscopic visibility graph
can be simulated by mesoscopic models.

5. Conclusion and Outlook

In this paper, we studied the use of different spatial scales in the context of pedestrian dy-
namics simulations. We showed a classification for macroscopic, mesoscopic and microscopic
scenarios: a distinction between macroscopic and non-macroscopic is possible by considering
the one-dimensionality of a scenario, whereas mesoscopic and microscopic scenarios can be
distinguished by local densities and movement restricting obstacles.

In the future we will improve the presented methods, since they currently have some
shortcomings. For example, a more detailed investigation about microscopic pedestrian body
shapes is necessary. Currently, we studied circular and elliptical shapes and neglected the
influence of pedestrians’ legs on the geometry of a microscopic pedestrian. Some pedestrian
simulators exist, which use the influence of legs on the pedestrians’ space requirements, e.g.
Chraibi et al. (2010). Furthermore, body shapes with more complex geometries exist, e.g.
spheropolygon shaped torsos (Alonso-Marroquín et al. , 2014). We will focus on these issues
in future publications. Another issue is that our study was executed only by a small number of

bThis Figure originates from the MomenTUMv2 simulator (Kielar et al. , 2016).
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Fig. 7. Visibility graph for an exemplary scenariob.

participants. A larger survey with more test cases and several hundreds of participants would
be useful to verify the results of this experimental study.
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