An Analysis of Manoeuvring in Dense Crowds
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Figure 1: Stills of one of the trials, showing a participant escaping the crowd.

Abstract
In high-density crowds, one can observe torso twists; people rotate
their upper body to decrease their width perpendicular to the motion path, in order to squeeze through narrow spaces between other
crowd members. In this paper we investigate such behaviour, by
recording and analysing dense crowds. Apart from the common
approach, where only the position of each person in the crowd is
recorded, we also record and analyse the torso orientations. To the
best of our knowledge, this has not been done before in the context
of dense crowds. We show that the paths chosen by the participants
can be predicted by Generalized Voronoi Diagrams based on line
segment representations of the participants’ torsos, and attest that
the medial axis of a capsule-shaped representation of the torso is a
good choice for such line segments.
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becomes more difficult. In such high-density crowds, one can observe torso twists, regular steps and side-stepping (i.e. holonomic
behaviour); people rotate their upper body to decrease their width
perpendicular to the motion path, in order to squeeze through the
narrow spaces between other crowd members. Rather than walking, such motions are better described as manoeuvring through the
crowd.
In this paper, we describe an experiment aimed at understanding
such dense crowd manoeuvring behaviour. The underlying motivation is to obtain a ground truth that supports an implementation of
such behaviour in a crowd simulation algorithm. In our experiment,
the participants form a crowd of such density that it is sparse enough
to manoeuvre through, but dense enough to require torso rotations
in order to do so (see Figure 1). In our analysis we explicitly ignore
the lower body. Not only is it hard to see in a dense crowd, it has
also been shown that the shoulder movements through space are a
good indication of the movement of the entire body [Arechavaleta
et al. 2008a] Our accompanying video at http://stuvel.eu/
video/dense-crowd-manoeuvring shows one of those
trials, including the capsule-based representation and resulting
Voronoi diagram.
We investigate properties of dense crowd manoeuvring. We show that in dense crowds people follow Generalized Voronoi Diagrams based on a line-segment representation of
the agents. Two possible methods for selecting those line segments
are investigated, and we show that the medial axis of a capsule representation of the torso is a good choice for such line segments.
Main contribution
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Introduction

Crowd simulation is a widely researched topic. Many aspects of
the macroscopic human behaviour have been successfully captured
in cylinder-based mathematical models; see [Thalmann and Musse
2013] for a recent survey. However, such models cannot capture
the torso-twisting behaviour observed in real, high-density crowds.
In our daily lives, we often face crowded situations, such as a busy
lift, bus or pop concert. In such cases, the members of the crowd are
often stationary, only moving when someone wants to pass. While
walking through a crowd, a person balances several desires, such as
reaching some goal position, avoiding collisions with others, and
conserving energy. Crowd models generally try to mimic this behaviour by planning short paths that avoid collisions. However,
when the crowd density increases, choosing a collision-free path
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The rest of the paper is organized as follows. Section 2 discusses related work. The details and execution of the experiment are described in Section 3, with analysis of the results in
Section 4. The implications and possible future work are discussed
in Section 5, which concludes the article.

Organization
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Related work

The study of crowd behaviour spans a large research area, ranging
from computer vision techniques to assess human behaviour [Zhao
and Li 2014] to the simulation of evacuation scenarios [Zheng et al.
2009], and application in (serious) games. In this section we focus
on the works relevant to the study of dense crowds. For a general

overview of crowd simulation techniques and topics, we refer to the
book by Thalmann and Musse [2013].
Two possible ways of simultaneously capturing the motions of multiple individuals in a crowd are video recordings and motion capture systems. Video recordings are most often used; as these require no markers to be attached to the participants, the data are
easier to obtain. A common approach to process a video stream
is either pure visual comparison [Narain et al. 2009], or the use of
feature point tracking in order to determine movement of people
in a crowd [Saxena et al. 2008; Charalambous et al. 2014]. Such
feature point tracking is also used by Lee et al. [2007] to train a
crowd simulation system, such that it exhibits behaviours imitating
real human crowds. All these works use the video data to determine
the positions of the recorded people; under the assumption of nonholonomic motion, the orientation is determined from the velocity
vector. Such techniques are not suitable for studying the torso twisting behaviour in crowds, as firstly the position alone is not enough
to study the torso twist, and secondly the nonholonomy assumption
is no longer valid for dense crowds [Mombaur et al. 2010]. Furthermore, Jacques et al. [2010] state that, due to severe occlusions,
it becomes difficult to accurately track individuals in crowded situations. They found that there is actually a strong negative relation
between the density of the crowd and the accuracy of tracking methods. For these reasons, we have chosen to employ a motion capture
system for our experiment.
Motion capture systems have been used by Wolinski et al. [2014]
to optimize parameters for various crowd simulation systems to increase similarity between the simulated and recorded crowd behaviour. Jelic et al. [2012] and later Lemercier et al. [2012] used
motion capture to study following behaviour in crowds, by recording people following each other in a circular fashion. In all those
works, the participants are represented as moving discs on the
ground plane. Hence, the resulting data are unsuitable for the study
of torso twisting behaviour. Truong et al. [2010] used a motion
capture system extend the work by Arechavaleta et al. [2008b] to
include holonomic motion. They distinguish between those two behaviours by observing the orientation of the shoulders with respect
to the velocity vector of the body. Truong et al. only observed a single participant at the time, allowing for an unobstructed view from
the motion capture cameras. We use a similar approach, except that
in our experiment we actually study a crowd, so any marker below the shoulder has a high chance of being occluded by the other
participants. Therefore, we only use markers on the shoulders.
In our experiment, we compare the motions of people in dense
crowds to the motions predicted by a Generalized Voronoi Diagram. It has been shown that such diagrams can be used to steer
medium-density crowds [Sud et al. 2008]. However, it is unknown
whether people in dense crowds also follow a Voronoi Diagram. To
our knowledge, we are the first to investigate this.
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Experiment

This section describes the experiment design, execution, and results. In short, the goal of the experiment is to obtain information
on how people manoeuvre through dense crowds. We observe and
analyse torso motions; even though we do not explicitly consider
hip rotations, their effect is encoded in the motion of the torso.

3.1 Experiment design
The experiment consists of a repetition of trials. In each trial, the
person in the centre of the crowd, the designated walker, manoeuvres towards a predefined goal position, while the other participants
remain more or less stationary. The experiment is aimed at pro-

viding ground truth data, which can be analysed to further understand crowd behaviour, as well as provide empirical data to improve
crowd simulation methods. We are particularly interested in a geometric model that predicts the chosen path through the crowd.

Figure 2: A situation of a task, showing the walker in the starting
configuration and letter G as the goal.
Participants are adorned with three motion capture markers: one on
the left shoulder, and two on the right. Each participant started at a
predetermined position, simplifying the identification and labelling
during the post-processing of the recorded data. A circle was drawn
in the middle of the motion capture studio. All participants except
the walker were prohibited from leaving this circle during each trial,
to allow for a consistent overall crowd density and a symmetric
distribution of the participants around the centre. The location and
size of the circle depended on the limitations of the motion capture
system as well as the intended crowd density. Around the circle,
the letters A-H were hung 45 degrees apart, as shown in Figure 2.
The motion capture system employs fourteen cameras recording at
100 Hz.
The experiment trials were grouped into sets. For each set, a single
participant was chosen for the role of walker. For each walker, we
recorded a set of seven trials. The walker received a randomized
set of task cards: a random subset of six of the eight letters, and a
question mark. He/she was instructed to keep these cards hidden
from the other participants. As two letters were excluded for each
walker, the other participants would not be able to predict the tasks.
The non-walker participants were asked to treat the situation as a
densely packed bar, and to crowd together to such a degree that it
would be non-trivial but still possible to manoeuvre through. As
for dealing with the walker, we asked participants to let him/her
through as they would have in similar situations in real life and not
anticipate their movement too much.

3.2 Execution
Each participant was measured for their shoulder width, chest thickness, and distance between the left and right shoulder markers. The
latter measurement allows us to model the participants as a line segment translating and rotating on the ground plane, which we used
for most of our analyses (see Section 3.3). The other dimensions are
used to define an alternative capsule-shaped representation, which
will discussed in Section 4.2.
Each walker was hand-picked from the participants on the basis of
height and gender. We chose participants of average height (com-

pared to the participants, not the country or world population), on
the assumption that being too short or too tall will influence the
behaviour – we leave the influence of height on the behaviour in
crowd to future work. We alternated the gender of the walker to
eliminate gender bias.

a crowd people no longer attempt avoiding single individuals, but
choose an opening between pairs of individuals to pass through, and
thus:
1. move towards the midpoint of the opening, as this provides a
path with least chance of collision;

Each trial consisted of the following steps:
1. All participants move to their predefined starting positions.
Recording starts.
2. The walker moves to the centre of the circle and rotates to face
letter G, while the other participants walk around in a more or
less random fashion. This ensures the crowd is different in
each trial, and gives the walker ample time to covertly inspect
his/her set of cards to determine the task to perform.
3. When the crowd is sufficiently randomized and evenly distributed around the walker, a verbal signal is given. The participants move to fill possible gaps in their vicinity, and then
stop walking.
4. The walker manoeuvres through the crowd. Depending on the
task, he/she tries to reach the goal letter, or, when the task card
indicates a question mark, tries to exit the crowd in the easiest
direction of his/her own choice.
5. When the task is complete, recording stops, and the next trial
begins.
A total of 23 people (16 male, 7 female) participated in the experiment, with an average age of 24 years (σ = 8.4). Their average
chest width was 0.44 metre (σ = 0.03), and chest thickness 0.23
metre (σ = 0.03). 7 participants took the role of walker, and a total
of 47 usable trials were recorded; two recordings were rejected due
to a technical issue and a participant not adhering to the task.

3.3 Representation
After the experiment, all motion capture data was mapped to an abstract agent representation for analysis purposes. Each agent consists of a line segment, defined by the ground projections of the left
shoulder marker and the centroid of the two right shoulder markers. The centroid of the segment defines the position of the abstract
agent. The torso normal of the agent is defined as the normal of
the line segment facing the front of the torso. Hence, it is always
perpendicular to the line segment, regardless of the direction of motion. This representation has been shown to be suitable for human
motion analysis [Arechavaleta et al. 2008a].
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Results

2. move towards the area of largest clearance behind that midpoint when the planning agent is closer to the other individuals
than the individuals are to each other.
A midpoint is defined as the middle of the opening between two
agents. In our model, we use the middle of the line segment that
represents the shortest distance between the agents’ line segments.
By definition, this point lies on an edge of a Generalized Voronoi
Diagram (GVD) [Lee and Drysdale III 1981], or on an extension
of such an edge when a third agent is close by. In such a case,
the midpoint would lie on a GVD edge if the third agent were to
be removed; see the right-hand image in Figure 3 for an example.
The GVD is defined as a pair (V, E) of vertices V and arc-shaped
edges E that partition the ground plane. Each cell of this partition is
defined by an agent, and consists of all points that are closer to that
agent than to any other. The centre of the area of largest clearance
behind the aforementioned opening corresponds to a vertex of the
GVD.
In our analyses we simplify the GVD by using the agents’ line segments (see Section 3.3), rather than using their exact shape. In this
section, we will use the line segments defined by the shoulder markers. In Section 4.2 we will investigate an alternative line segment
that produces even better results.
To verify our expectations, we have analysed the difference between the actual direction of movement and the direction predicted
by the expectations described above. In our analysis, we use three
different methods to test our expectations:
Only midpoints are considered, regardless of the distance to the planning agent. This corresponds to only testing the
first hypothesis.

MIDPOINT

Only vertices of the Voronoi cell defined by the planning agent are considered. This corresponds to only testing the second hypothesis, regardless of the distances.

VERTEX

Midpoints are considered, but limited to the
closest Voronoi vertex on their corresponding edges. This corresponds to both hypotheses.
LIMITED MIDPOINT

In this section we describe our experimental results, based on an
analysis of the abstract representation of the motion capture data.
At the start of each trial, the walker turns towards the target position, investigates the situation, and shifts balance in order to start
manoeuvring. This initial turning towards the target position occurred naturally, and was not instructed. What follows is a period
of dense manoeuvring, until he/she exits the crowd; the recordings
from this period are the subject of our analysis.
In this paper we discuss our most prominent results. For more details and additional analyses we refer to Stüvel et al. [2015].

4.1 Modelling direction of movement
It is a known fact that people minimize their perceived energy use
when walking [Zipf 1949; Guy et al. 2010]. We predict that this
holds true for dense crowds as well, and hypothesize that in such

Figure 3: Two situations that show the difference between the midpoint (dark red) of the two green agents, and the vertex (light orange) that indicates the start of the path between them. The planning agent is displayed in cyan.

categorizes the situation of individual agents.
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Figure 4: Direction vectors determined by three different planahead distances. The cyan dot indicates the position of the participant, and the dotted line shows their recorded path.

Figure 3 shows the difference between the midpoint of the two
green agents in dark red, and the vertex that indicates the start of
the path between them in light orange. The LIMITED MIDPOINT
approach would use the dot that is furthest away from the cyan planning agent.
We aim to compare the directions predicted by the methods described above with the short-term direction of movement of the
participant, in the order of magnitude of up to one second to capture short-term human decision making; we are not interested in the
long-term overall direction, as we know it will approach the vector
from the starting point to the goal position. This direction cannot
directly be determined by the instantaneous velocity vector, since
this vector varies too rapidly. Such rapid changes are especially
noticeable at low velocities, where merely shifting weight can rotate the velocity vector by 180o . To filter out these variations, we
consider the recorded path of the agent, and obtain the vector from
the current position to the path at a given Euclidean distance of
D ∈ [0.05, 1.5] metres (see Figure 4). The participant’s position at
this distance D is uniquely defined due to the nature of our recordings, as the participants move more or less monotonically towards
their target. By choosing this distance too low, the resulting direction vector will mimic the instantaneous velocity vector and thus
vary rapidly and be an ill match for the overall direction of the participant. On the other hand, choosing this distance too large will
result in a direction vector that matches the long-term behaviour
of the participant, instead of the short-term behaviour we are interested in. The maximum velocity we have measured during the
experiment is 1.4 m/s; we are interested in short-term decisions in
the order of one second, resulting in an upper bound of 1.4 metre. We have chosen our interval slightly larger than strictly necessary to ensure that the optimal distance falls within the parameters
of the experiment. The search space D ∈ [0.05, 1.5] is sampled
uniformly into 10 bins; we have observed that dividing into more
fine-grained bins does not produce significantly different results.
Distance D is named the plan-ahead distance, as it could indicate
the distance people consider in order to plan their direction. An example is shown in Figure 4. To our best knowledge, the relation between the agent’s instantaneous speed and the preferred plan-ahead
distance has not been studied in the context of dense crowds.
As mentioned in the introduction of this section, our analysis will
be limited to the timespan of dense manoeuvring, which ends when
the participant exits the dense crowd. We continually observe the
participant’s Voronoi cell; when the cell is incident to a Voronoi
cell defined by the bounding box, we no longer consider the participant to be in the dense crowd. This intuitive definition works well
in practice. An additional criterion makes this definition slightly
stricter; by limiting the surface area of the Voronoi cell to 0.32 m2
we truncate a small number of trials and ensure that all analysed
data describe dense manoeuvring. An important aspect of our definition is that it does not consider the aggregate crowd density, but

Now that we can compute a direction of movement and define
the timespan of dense manoeuvring, we can test our hypothesis.
Since there is a correlation between crowd density and walking
speed [Daamen 2004], we have included the speed of the agent
as a variable in our analysis. Figure 6a shows the graphs for the
LIMITED MIDPOINT testing method; for the graphs of the MIDPOINT and VERTEX methods we refer to Stüvel et al. [2015].
For each frame F in our recordings, we determine the instantaneous speed of the walker s(F ). We discretize the measured speeds
into twelve bins, allowing us to average similar results from different frames. This number of bins was chosen by balancing a high
enough bin count to obtain detailed data, and low enough count to
ensure a sufficiently large number of data points in each bin. Speed
s(F ) determines the bin column in which the data for that frame
is plotted. We then vary plan-ahead distance D for each frame F
~ an exincrementally to determine direction of movement vectors d,
ample of which is shown in Figure 4. This plan-ahead distance
~ P)
determines the row in the graph. We then calculate error e(d,
with respect to a prediction P , as described in the next paragraph.
The error is stored at the appropriate bin; the graphs in Figure 6
show the average error (left) and standard deviation (middle) of the
binned errors, and the number of data points in each bin (right).
~ P ) depends on prediction P , which is the set of
The error e(d,
points considered by the different prediction methods MIDPOINT,
VERTEX and LIMITED MIDPOINT. The error is defined as the
minimal angle between the direction of movement d~ and the prediction points in P :
"

~ P ) = min acos
e(d,
p
~∈P

d~
p
~ − ~x
·
~ ||~
p − ~x||
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For each binned speed we find the plan-ahead distance that results
in the smallest predicted error e. These bins are marked with a
white dot in Figure 6, and indicate the most likely plan-ahead distance L for each speed v. As we try to predict future motions based
on the static situation in the current frame F , and the participants
can obviously change their trajectory dynamically at any moment
in time, it is impossible to obtain a zero error. However, the low
average error in these bins (≈ 7.2 degrees) shows that there is only
a small difference between the direction of movement of the participants, and the directions predicted by the Generalized Voronoi
Diagram of the crowd.
The white lines in Figure 6 indicate the best linear regressions
through the bins of minimal error, weighted by the sample density. They show a more or less constant plan-ahead distance of
approximately 0.40 metres, indicating that people in dense crowds
generally plan for a constant distance regardless of their speed. For
results on the MIDPOINT and VERTEX methods we refer to Stüvel
et al. [2015].

4.2 Capsule-shaped agent representations
In the previous section, we showed that people manoeuvring
in dense crowds tend to follow a Generalized Voronoi Diagram
(GVD). We used a simple representation for each participant: a
line segment spanned by the motion capture markers on the shoulders. Even though this is an accepted way to capture human motion [Arechavaleta et al. 2008a], it is based on more or less arbitrary
points on the shoulders, and the distance from the line segment to
the edge of the participant’s torso is not constant in all directions.
Hence, the GVD of the participants will differ from the GVD defined by those line segments. This difference can be reduced by

slightly changing the length of the used line segment such that the
distance from the edge of the torso to the line segment is more or
less constant. The result is a capsule-shaped representation of the
torso, as shown in Figure 5a. When using this representation, the
inter-agent distances only differ by a constant amount from the distances between the line segments, in all directions.

r

w

(a) Schematic view of the capsule representation. The dashed arrow indicates the torso
normal of the agent.
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Discussion & Conclusion

Our most prominent result is the correlation between dense crowd
manoeuvring patterns with Generalized Voronoi Diagrams. We
generated this Voronoi diagram by modelling the participants as
line segments, and analysed the motions of the agents. Our results show that with an average error of less than 7o (σ = 5o ) our
capsule-based LIMITED MIDPOINT method successfully matches
the paths of our participants. In comparison, representing agents
using shoulder marker line segments results in not only a higher average error, but also higher fluctuations in the standard deviation.
We expect that this Voronoi-based model allows for a crowd simulation algorithm that mimics people’s behaviour in dense crowds. A
capsule-based line segment representation will result in more natural, human behaviour in such a simulation.
An average error of less than 7o seems small. However, given
that we introduced a new method of crowd analysis, the question
whether this error is good or bad remains to be answered. A perception study may give more information about usable bounds on
this error, where the resulting crowd behaviour is considered humanoid.
As we focus on torso orientations, the orientation of the head was
not recorded during our experiment. A future experiment, employing a cap with motion capture markers, could record head movement. Such recordings could produce more natural results when
applying full-body animation, as well as provide interesting data
on the impact of vision on manoeuvring behaviour.
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(b) Top view of a motion captured situation. It can clearly be seen how the capsule
model fits the torso of the characters. We can only show this for our character models,
as we did not have an orthographic overhead camera during the experiment.

Figure 5: Our abstract crowd agent representation, consisting of
an oriented line segment with a radius.
Each capsule consists of a line segment of length w with a buffer of
radius r, as shown in Figure 5a. For each participant, the measured
chest thickness T determines radius r = T /2, and the measured
chest width W determines the line segment length w = W − 2r.
Figure 5b shows an overhead view of a motion captured situation,
and demonstrates how well the capsule shapes fit the torsos. Of
course, the legs extend from the capsule, but this is a common property of cylinder-based crowd simulations too, hence not an issue
specific to the chosen representation. This approach resulted in a
shortening of the line segments by an average of 10 cm (σ = 3 cm).
We have repeated the same analysis as described in Section 4.1,
replacing the line segments based on motion capture markers by
line segments based on the capsule representation. Figure 6b shows
the graphs for the LIMITED MIDPOINT testing method; for the
graphs of the MIDPOINT and VERTEX methods we refer to Stüvel
et al. [2015]. As expected, the capsule-based representation results
in a smaller error, hence a better model for the participants’ motions. The best results are obtained with the LIMITED MIDPOINT
method, resulting in an error of only 6.65 degrees (σ = 5.33); this
translates to an 8% smaller error and 30% smaller standard deviation. This is corroborated by visually comparing the graphs shown
in Figure 6; we can observe that this representation and method also
result in the smoothest distribution of the error, and smallest standard deviation with the smoothest distribution, hence produces the
most reliable results.
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