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Abstract. We present a new local method for collision avoidance that is
based on collision prediction. In our model, each pedestrian predicts possible future collisions with other pedestrians and then makes an eﬃcient
move to avoid them. Experiments show that the new approach leads to
considerably shorter and less curved paths, ensuring smooth avoidance
behaviour and visually compelling simulations. The method reproduces
emergent behaviour like lane formation that have been observed in real
crowds. The technique is easy to implement and is fast, allowing the
simulation in real time of crowds of thousands of pedestrians.
Keywords: collision avoidance, interaction, pedestrian simulation.

1

Introduction

Virtual city environments are nowadays commonly used in computer games, simulations, training applications, and online communities. Although in many such
applications the cities look very realistic, to become more lively and appealing,
they need to be populated with a large number of simulated pedestrians. On
one hand, these virtual pedestrians have to be visually attractive to the viewer.
On the other hand, they should be able to move through the virtual world in a
natural looking way.
Over the past years numerous models have been proposed to simulate individuals, groups and crowds of characters. Treuille et al. [1] have recently presented
a dynamic potential-ﬁeld approach that uniﬁes global navigation and local collision avoidance into a single framework. However, their approach is limited to
homogeneous groups of characters moving toward a common goal and cannot
simulate individuals with distinct characteristics and goals. An alternative approach is to decouple global planning from local collision avoidance [2,3,4,5].
Typically, a graph-based method is used to direct the global motion of the character, whereas its local behaviour is governed by some sort of agent-based [6] or
force-ﬁeld approach [7].
At the local level, the way that virtual characters interact and avoid collisions
with each other is essential for the realism of the generated motions. Helbing
simulated the behaviour of pedestrians using (social) forces related to physics
[7]. Since his original work, a number of models have been proposed to simulate
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crowds of pedestrians under normal and emergency situations (e.g. [8,9]). Nevertheless, in all these approaches, due to lack of anticipation and prediction, the
characters interact when they get suﬃciently close. Consequently, the resulting
motions tend to look unnatural and contain undesirable oscillations. The problem becomes more obvious in large and cluttered environments, with pedestrians
constantly changing their orientations, pushing each other and moving back and
forth.
An alternative way for solving interactions between virtual humans is based
on collision prediction. In these approaches, the agents’ trajectories are linearly
extrapolated and used to determine collisions in the near future. Based on this
idea, Reynolds has introduced the unaligned collision avoidance behaviour [6],
whereas Feurtey devised an elegant collision detection algorithm that predicts
potential collisions within time and resolves them by adapting the speed and/or
the trajectories of the agents. Inspired by Feurtey’s work, Paris et al. [10] presented an anticipative model to steer virtual pedestrians without colliding with
each other. Similarly, Shao and Terzopoulos [5] proposed a number of reactive
behavioral routines to determine the avoidance maneuvers of the agents. More
recently, van den Berg et al. [11] introduced the concept of Reciprocal Velocity
Obstacle. Finally, Pettré et al. [12] proposed an egocentric model for local collision avoidance that is based on experimental studies and can be automatically
calibrated from the experimental data.
Recently, example-based techniques have also been explored for simulating
interacting virtual characters [13,14]. However, these approaches are too computationally expensive and cannot be used for real-time interactive applications.
Contributions. In this paper, we present a new local method for realistic character avoidance. It is based on the hypothesis that an individual adapts its
route as early as possible, trying to minimise the amount of interactions with
others and the energy required to solve these interactions. Building upon this
hypothesis, in our model, a pedestrian computes with which other pedestrians
is in collision course within a certain anticipation time. It calculates how such
collisions will take place and then make an eﬃcient move to avoid them. Consequently, the characters do not repel each other, but rather anticipate future
situations avoiding all collisions long in advance and with minimal eﬀort.
We show that the new approach leads to energy-eﬃcient motions and considerably less curved paths for the pedestrians, resulting in a smooth, natural
ﬂow. The generated motions are oscillation-free. The method reproduces emergent behaviours, like lane formation, that have been observed in real crowds.
Since it is a predictive rather than a reactive approach, it is somewhat similar in
nature to the approaches of [5,10,11] mentioned above. However, it is based on
a force-ﬁeld approach and, hence, it is much easier in its formulation and implementation and considerably faster, allowing real-time simulations of crowds of
thousands of pedestrians. Our approach bears also some resemblance with the
avoidance behaviour proposed in [6]. In our model, though, the direction and
the magnitude of the collision avoidance force is computed in a diﬀerent way,
ensuring smooth avoidance behaviour and visually pleasing simulations.
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Pedestrian Interactions

In this section we present some key concepts regarding how pedestrians interact
with each other in real life. In the next sections, we use these concepts to formulate a model of realistic collision avoidance.
Scanning and Externalization. Human interactions have been widely studied in the ﬁeld of sociology. Of particular importance are the studies of Goﬀman
[15] related to how people behave at a microscopic level. According to his observations, two processes govern the avoidance behaviour of pedestrians, the
externalization and the scanning. In externalization, a pedestrian uses its body
language to inform the others about its intentions, that is, to indicate its planned
course. At the same time, it continuously scans the environment to gather the
signals given out by other pedestrians. Eventually, a voluntary coordination takes
place and a collision is resolved.
Personal Space. Another important concept in social interactions is the personal space that surrounds an individual. More formally, the personal space can
be deﬁned as the portable territory around an individual which others should
not invade. It regulates the safe distance that an individual needs to maintain
from others in order to feel comfortable. The size and the shape of the personal
shape are constantly changing depending on the crowd density, as well as the
travel speed of the pedestrian. According to Goﬀman [15], the personal space
can be represented as an oval, narrow to the sides of the individual and long in
front of him/her.
Principle of Least Eﬀort. The principle of least eﬀort originates from the
ﬁeld of psychology and states that given diﬀerent possibilities of actions, people
select the one that requires the least eﬀort [16]. Consequently, we can assume
that, upon interacting with each other, pedestrians try to avoid unnecessary
detours and follow energy-eﬃcient trajectories, that is paths that reduce the
amount of movement and turning eﬀort.

3

Pedestrian Simulation Model

In our problem setting, we are given a virtual environment in which n pedestrians P1 , .....Pn have to navigate toward their speciﬁed goal positions gi without
colliding with the environment and with each other. For simplicity we assume
that each pedestrian moves on a plane or a terrain and is modeled as a disc with
radius ri . At a ﬁxed time t, the pedestrian Pi is at position xi (t), deﬁned by the
center of the disc, has an orientation θi (t) and moves with velocity vi (t). This
velocity is limited by a maximum speed umax
, that is vi (t) ≤ umax
. Hereafter,
i
i
for notational convenience, we will not explicitly indicate the time dependence.
We propose a (social) force model to obtain realistic collision avoidance. The
behaviour of each pedestrian Pi derives from the following assumptions:
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1. At each step of the simulation the pedestrian Pi is trying to reach its desired
goal position gi . Thus, a goal force Fg is applied that attracts the pedestrian
to its goal.
2. The pedestrian Pi prefers to move toward its destination with a certain speed
. It tends to reach this speed gradually within a certain time τ . Along
upref
i
with the ﬁrst assumption, the goal force Fg can be deﬁned as:
Fg =

1 pref
(u ngi − v),
τ i

(1)

i
where ngi = ggii −x
−xi  . Note that Fg is similar to the force described in Equation (2) of Helbing’s social force model [7].
3. As Pi advances toward its goal, it also has to avoid collisions with the environment (e.g. building walls). Let W denote the set of walls that are present
in the virtual environment. Then, a repulsive force Fw is exerted from each
wall w ∈ W toward the pedestrian. This force can be deﬁned as:

⎧
ds + ri − diw
⎪
⎪
⎨nw (d − r)κ , if dw − ri < ds
iw
Fw =
⎪
⎪
⎩
0
otherwise,

(2)

where the constant κ indicates the steepness of the repulsive potential, nw
is the normal vector of the wall, diw deﬁnes the shortest distance between
Pi and the wall and ds denotes the safe distance that the pedestrian prefers
to keep from the buildings.
4. The pedestrian Pi keeps a certain psychophysical distance ρi from other
pedestrians in order to feel comfortable. This distance deﬁnes the so-called
personal space of the pedestrian. For eﬃciency reasons, we model this space
as a disc B(xi , ρi ) centered at the current position of the pedestrian and
having radius ρi > ri . In all of our simulations, this led to realistic behaviour
and hence, the use of an elliptical personal space was not necessary.
5. The pedestrian Pi perceives the environment to detect imminent and future
collisions with other pedestrians. A collision at some time tc ≥ 0 occurs when
another pedestrian Pj invades into the personal space of Pi , that is:
∃ tc ≥ 0 | dij ≤ ρi + rj ,

(3)

where dij = xi − xj  denotes the distance between the pedestrians’ centers.
6. Given a certain anticipation time tα , the pedestrian Pi resolves potential
collisions within this time in advance by adjusting its trajectory. As a result,
it safely navigates toward its goal, evading other pedestrians with minimal
eﬀort. To simulate this behaviour, an evasive force Fe is applied on Pi . Note
that the anticipation time tα can vary between pedestrians.
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Avoiding Collisions

The major novelty of our approach is the evasive force Fe that a pedestrian
selects in order to avoid collisions and near collisions with other pedestrians.
Given a pedestrian Pi , our collision avoidance algorithm consists of four steps.
4.1

Collision Prediction

In the ﬁrst step of our algorithm we compute the set CPitα of pedestrians that
are on collision course with the pedestrian Pi , given a certain anticipation time
tα . To achieve this, we ﬁrst infer the desired velocity vides of Pi . We compute vides
as the sum of its actual velocity and the velocity derived by virtually applying
only the goal force and the wall repulsive forces:


(4)
vides = vi +
Fw + Fg Δt,
where Δt is the size of the time step of the simulation.
Then, we estimate the future position of Pi based on its current position xi
and desired velocity vides as follows:
xi = xi + tvides

(5)

Similarly, we predict the future motions of all the other pedestrians that Pi can
see by linearly extrapolating their current trajectories. The viewing area of Pi
is deﬁned by its desired direction of motion and its ﬁeld of view. Note that the
pedestrian Pi can only estimate the actual velocities of the other pedestrians and
not their desired ones, since it does not know their corresponding goal positions.
Thus, from the perspective of Pi , the future position of a pedestrian Pj is given
by:
(6)
xj = xj + tvj
We can now determine whether the pedestrian Pi collides with another pedestrian Pj . According to (3) a collision occurs when the pedestrian Pj lies inside
or intersects the personal space B(xi , ρi ) of Pi . By performing a Minkowski sum
between the disc B(xi , ρi ) and the disc B(xj , rj ) of Pj , the problem is reduced
into a ray-disc intersection test that results in the following equation:
xj − (xi + vt) = ρi + rj ,

(7)

where v = vides − vj . Solving the above equation for t, we can estimate the
possible collision times tcij between the personal space of the pedestrian Pi and
the pedestrian Pj . If the equation has no solution or a single solution, then no
collision takes place. If there are two solutions (t1 and t2), three cases can be
distinguished:
– t1, t2 ≤ 0: this is a past collision and can be ignored.
– t1 < 0 < t2 ∨ t2 < 0 < t1: this is an imminent collision, i.e. tcij = 0, and
hence, the pedestrian Pj is inserted into the set CPitα .
– t1, t2 ≥ 0: a collision will occur at time tcij = min(t1, t2). If tcij ≤ tα , the
pedestrian Pj is inserted into the set CPitα .
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Fig. 1. Example of the force used to avoid a future collision. Note that the direction of
the force depends on the relative positions at the moment of the impact, rather than
on the current positions of the pedestrians. The light blue disc represents the personal
space of the pedestrian Pi .

4.2

Selecting Pedestrians

Having computed the set CPitα , we sort it in order of increasing collision time and
keep the ﬁrst N pedestrians. Preliminary experiments (Section 6) have indicated
that this number can be kept small (between 2 to 5 pedestrians), ensuring smooth
avoidance behaviour. This not only reduces the running time of our algorithm,
but also reﬂects natural human behaviour. In real-life, an individual tries to
avoid a limited number of other pedestrians, usually those that are on collision
course with him in the coming short time. Similarly, the virtual pedestrian Pi
tries to evade the N pedestrians with which it will collide ﬁrst.
4.3

Avoidance Maneuvers

We now show how the pedestrian Pi can avoid a potential collision with another
pedestrian Pj that belongs to the set CPitα . Let tcij be the time of collision
between the two pedestrians. Let also ci = xi + tcij vides and cj = xj + tcij vj
denote the locations of pedestrians Pi and Pj at time tcij ; ci and cj derive from
(5) and (6) respectively.
Based on these future locations, we select an evasive force Fij for the pedestrian Pi , so that it can smoothly avoid the pedestrian Pj . The direction of the
c −c
force is given by the unit vector nci cj = cii −cjj  pointing from cj to ci . As an
example, consider Fig. 1(a). The blue pedestrian will hit the red pedestrian at
the back. Therefore, it makes a slight move toward the latter and eventually will
pass behind it. In contrast, in a typical particle-based system the red pedestrian
would have forced the blue one to move in the opposite direction, leading to a
new collision in the near future (Fig. 1(b)).
The magnitude of the evasive force Fij is approximated by a piecewise function
f(D), where D = ci −xi +(ci −cj −ri −rj ) is the distance between the current
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f (D)

dmid
dmin
D

dmax

Fig. 2. The magnitude of the avoidance force as a function of the distance D

position xi of pedestrian Pi and its future position ci plus the distance between
the two pedestrians at their time of collision. As can be inferred from Fig. 2, the
function is deﬁned for four intervals. The threshold dmax determines the start of
the avoidance maneuver, whereas dmin deﬁnes the beginning of an impenetrable
barrier between the pedestrians. The threshold dmid regulates the start of the
constant part of the function. This part is used to eliminate jerky behaviour.
The three thresholds dmin , dmid and dmax can vary among the pedestrians to
simulate diﬀerent avoidance behaviours.
4.4

Computing the Evasive Force

In the last step of our algorithm, we compute the total evasive force Fe that
is applied on the pedestrian Pi given its set CPitα . Two approaches can be
distinguished. The ﬁrst is to take into account each one of the N pedestrians
independently and compute a corresponding force Fij as described above. Then,
the evasive force can be deﬁned as the weighted sum of those N forces:
Fe =

N


wij Fij ,

(8)

j

where the weighting factor wij gives a higher priority to the most imminent
collisions.
The second approach, which diﬀers from existing solutions, is to apply the
forces sequentially (iterative approach). The idea here is as follows. Let Pj be a
pedestrian in the set CPitα and let Fij be the evasive force that is exerted on Pi .
Let us also, for notational convenience, name this force Fv . Then, we determine
whether the pedestrian Pi still collides with each one of the remaining N − 2
pedestrians in the set, after (virtually) applying the force Fv . In other words, we
ﬁrst estimate the desired velocity of Pi by including Fv into the (4). Next, we
iterate over the N − 2 pedestrians in the set and compute the time of collision
tc between Pi and each one of the selected N − 2 pedestrians. If a collision still
exists (i.e. 0 ≤ tc ≤ tα ), we compute the avoidance force as before and then add
it to Fv .
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We repeat this process for each one of the N pedestrians in the set CPitα .
Then, the total evasive force Fe of pedestrian Pi is determined as the average
of all the forces Fv . Experiments have conﬁrmed that by applying the forces
sequentially a smoother and more realistic avoidance behaviour is achieved, as
forces are only added if they are still required to avoid further collisions.

5

Implementation

This section provides implementation-speciﬁc details regarding our proposed
pedestrian simulation model.
Eﬃcient Collision Prediction. During each simulation step, we have to determine for each pedestrian Pi which other pedestrians are on collision course
with him/her given a certain anticipation time. A naive implementation scheme
would be to iterate over all other pedestrians checking whether a collision will
take place. However, a more eﬃcient implementation is to prune the search
based on some cutoﬀ distance, e.g. the maximum distance that the pedestrian
Pi can travel given its anticipation time and maximum speed. Then, Pi only has
to consider a limited number of pedestrians for potential collisions. Proximity
computations to these pedestrians can be accelerated using a spatial hash data
structure for answering nearest neighbor queries (see for example [5]).
Adding Variation. To increase the realism of the simulation some variation
and irregularity is needed among the virtual pedestrians. Thus, a noise force Fn
is also introduced in our model. This force, on one hand, allows us to take into
account random variations in the individual behaviours, as well as incorporate
mistakes that individuals make while avoiding each other. On the other hand,
such a force is also needed to avoid artifacts that arise from symmetrical patterns, as well as to resolve extreme cases where two pedestrians have exactly
opposite directions. More realism can also be achieved by varying several of the
parameters of our model, such as the anticipation time of each pedestrian or the
preferred speed.
Time Integration. The result from our proposed method is a system of positions, velocities and forces. To simulate this system, we ﬁrst discretise our model
in time by choosing a time step Δt for our simulation. Then, in each cycle of the
simulation, we compute for each pedestrian Pi the sum of all the forces that are
acted upon Pi and update its position and velocity using numerical integration.
We also update the pedestrian’s orientation θi by inferring it from the weighted
average of its desired velocity and the current velocity.

6

Results

We have implemented our proposed method to test its applicability in real-time
applications and validate the quality of the generated motions. All experiments
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Fig. 3. Diﬀerent simulation scenarios. Left: Hallway scenario. Middle: Four groups
interacting at a crossing. Right: Crossing pedestrian ﬂows.

were performed on a 2.5 ghz Intel Xeon cpu. Note that although this machine
has four cpu cores, only one core was used for path planning.
We ﬁrst calibrated the parameters of our model by performing a number of
simple test-case scenarios as proposed in [17]. During these scenarios we recorded
for each time step of the simulation, the position and the direction of each
pedestrian. Then, a benchmark tool was implemented to analyse the quality
of the generated motions and detect unrealistic behaviours. For that reason,
a number of quantitative quality metrics have been devised. In particular, we
used the integral of the square of the curvature to measure the smoothness of
a pedestrian’s path. We also computed the time it takes for a pedestrian to
reach its goal, the length of the path it follows, as well as the average speed
at which the pedestrian moves. Since we strive for energy-eﬃcient motions, the
total acceleration of the pedestrian and the total degrees it turned were also
reported to indicate the amount of movement and turning eﬀort spent by the
pedestrian [17]. From the derived statistics, we determined optimal settings for
our model. We experimentally conﬁrmed that a smoother avoidance behaviour
is achieved by applying the evasive forces iteratively, as explained in Section 4.4.
The experiments showed that, using this approach, only a limited number of
potential collisions N needs to be taken into account (2-5).
Having performed the initial calibration of our model, we ran a diverse set
of simulation scenarios (Fig. 3). We refer the reader to http://people.cs.uu.
nl/ioannis/pam for the results we obtained in simulating the aforementioned
scenarios as well as for other simulations. In all of our experiments, we observed
the phenomenon of dynamic lane formation that has been widely studied in
pedestrian and crowd literature. In our model, though, the characters anticipate
future collisions and adapt their motions in advance, evading others in a humanlike manner. Even in crowded scenarios, our approach leads to a smooth and
natural ﬂow. Pedestrians scan the environment to ﬁnd a free space to move into.
Other individuals follow and a queue (lane) is formed that eﬃciently resolves
the congestion.
We have also compared our approach to the Helbing’s social force model [7]
and the Reciprocal Velocity Obstacle (rvo) approach [11]. For a fair comparison,
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(a) Helbing’s model

(b) Predictive model

Fig. 4. Example paths for the hallway scenario

we ﬁrst optimised the two models following an approach similar to the one described above. In all test-cases, we noted that pedestrians using Helbing’s model
tend to adapt their motions rather late in order to avoid a potential collision.
Thus, the resulting paths have a high curvature and the amount of unnecessary
movements performed by the pedestrians is large. With the predictive approach,
though, pedestrians plan early for collisions, avoiding unnecessary detours (see
Fig. 4 for an example). In the rvo, each pedestrian adapts its velocity such that
no collision will take place with other pedestrians and the environment. In lowdensity crowds, the method works very well. However, as soon as the environment
becomes crowded, the rvo produces unrealistic motions. The pedestrians have
to frequently speed up, slow down or change their orientations to safely reach
their goals. On the contrary, our method ensures a smooth ﬂow and more energy
eﬃcient motions.
We also quantitatively compared the models using our proposed evaluation
metrics. Table 1 summarizes the corresponding statistics for the hallway scenario
(note that similar results were obtained for all the other scenarios). A t-test was
performed afterwards to determine how signiﬁcant the results were. The analysis has shown that, indeed, our approach leads to shorter paths compared to
the paths generated by Helbing’s model, p < 0.01. The predictive approach ensures time-eﬃcient motions allowing the pedestrians to move with signiﬁcant
higher speeds and follow much more smoother paths than pedestrians in Helbing’s model (the diﬀerences in time, speed and smoothness are statistically
signiﬁcant, i.e. p < 0.01). In addition, using our approach, the number of interactions between the characters is reduced, which leads to more energy-eﬃcient
movements. Pedestrians have to spend less eﬀort to avoid potential collisions and
thus, the total acceleration is signiﬁcantly lower compared to Helbing’s model,
p < 0.01. The same also applies to the turning eﬀort of the pedestrians.
Statistical analysis has also conﬁrmed our empirical observations regarding the
rvo. Although no signiﬁcant diﬀerences were found for the average travelling time
and the speed of the pedestrians, our approach led to considerably less-curved
paths than the rvo, p < 0.01. The analysis also indicated that the amount of the
movement eﬀort is lower using the predictive model compared to the amount spent
by the pedestrians in the rvo, p < 0.01. Similarly, there is a signiﬁcant diﬀerence
in the amount of turning eﬀort between pedestrians that employ our predictive
avoidance method and pedestrians that use the rvo, p < 0.01.
Besides the quality of the generated motions, we are also interested in the
performance of our proposed approach. To demonstrate its usability in real-time

A Predictive Collision Avoidance Model for Pedestrian Simulation

51

Table 1. Statistics for the hallway scenario derived from the simulation of 100 agents
Time

Path Length

Avg Speed

Smoothness

Total Accel Degrees Turned

Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Stdev
Helbing

30.33 3.71

37.12

2.34

1.23

0.09

1.08

1.08

Predictive 25.05 2.10

35.14

1.79

1.40

0.05

0.06

0.08

RVO

34.56

0.35

1.41

0.01

0.10

0.07

24.51 1.79

Mean

Stdev

55.73 28.37 323.22 225.79
9.4

6.01

76.62

52.29

18.75 10.17

106.2

56.14

interactive applications, we simulated 1, 000 fully animated characters in a virtual park environment. Each character enters the park through a random gate
and has to advance toward a randomly selected exit. To increase the realism of
the simulation, we varied the preferred and maximum speeds among the characters, as well as the anticipation time of each character and the size of its personal
space. The simulation was updated at 10 fps, whereas a parallel thread was used
to render the characters and the scene at 30 fps. Our model led to smooth motions and thus, we did not have to decouple the simulation from the rendering.
Since, on average, the cpu was busy for only 25% of each time step, we conclude
that our model can be used for real-time simulation of thousands of characters.
Finally, we also simulated the interactions of pedestrians at the crosswalks of an
outdoor virtual city environment. Our approach resulted in a smooth avoidance
behaviour and a visually pleasing simulation.

7

Conclusion and Future Work

In this paper, we presented a novel approach for simulating the collision avoidance behaviour of interacting virtual pedestrians. The intuition behind our approach is based on observed behaviour of real people. Each virtual character
scans the environment to detect future collisions with other characters. It predicts how these collisions will take place and tries to resolve them in the current
simulation step by making the most eﬃcient move. In all of our experiments,
the characters exhibit smooth behaviour and evade each other in a natural way.
In addition, our proposed method is relatively easy to implement and yields to
real-time performance.
For future work, we plan to automatically calibrate our model and validate
our approach by exploiting existing video and motion capture data, as proposed in [12]. We would also like to combine our system with existing global
path planning approaches. This will allow us to scale our method to very large
and complicated environments. Furthermore, using these approaches, our framework can be easily extended to capture a wide variety of crowd characteristics.
For example, we can include in our simulations coherent groups of characters,
or characters that wander through a virtual environment without any speciﬁc
goal.
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