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Abstract – We develop a decision-based model for pedestrian dynamics which is an extension of the Stochastic
Headway Distance Velocity (SHDV) model for single-file motion to two dimensions. The model is discrete in time,
but continuous in space. It combines perception, anticipation and decision-making with the simplicity and
stochasticity that are characteristic for cellular automaton models. The basic concept is discussed and preliminary
results show that the model yield realistic trajectories and fundamental diagrams.
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1. Introduction

Research on pedestrian dynamics and crowd movement is generally based on two aspects: first,
empirical and experimental observations provide direct insights and allow for an unmediated
investigation. However, since experiments cannot be performed for any arbitrary situation due to ethical,
financial or practical reasons, modelling and simulation help to analyse a wide variety of scenarios and to
understand the underlying general mechanisms of pedestrian dynamics.
Over the years, model development has given rise to many different modelling approaches that can
be roughly classified considering their fundamental properties (see e.g. [1, 2]). For now, we will focus on
microscopic models that describe the individual behaviour and interaction of particles that represent the
pedestrians. This class again contains different approaches. The group of acceleration-based models
includes social-force models that are usually continuous in space and time and deterministic, based on [3].
They consider intrinsic and extrinsic forces due to the environment and surrounding pedestrians that
directly influence the motion. By contrast, rule- or decision-based models are mostly stochastic and
discrete in space and time. Using this approach, often realized as cellular automaton models, the agents’
movement is determined by certain rules that consider the local environment and current situation of the
pedestrian (see e.g. [4, 5, 6]). Therefore, cellular automata (CA) models are rather simple, however, the
spatial discretisation can lead to unwanted artefacts. A third group describes velocity-based models for
which the velocity of the pedestrian is determined based on environment and interaction.
In this contribution, we want to present a modelling approach that combines several aspects of
different model types. In Sec. 2, the general concept and idea of this approach is presented, whereas Sec. 3
mainly focuses on the concrete execution. Sec. 4 approaches first few simulation results.

2. Model concept

As a basis, this model combines continuous space with discrete time. Discrete time steps, as they are
used in cellular automaton models, provide the opportunity for laying down simple rules that directly
determine the pedestrians’ behaviour. In CA models this simplicity is gained at the expanse of artefacts
due to a lack of spatial resolution. Integrating continuous space as in forced-based models, allows arbitrary
values for position and velocity. This approach of combining continuous space with discrete time steps is
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already used in some models, see e.g. [7-13]. However, since the potential of this approach has not been
fully explored yet, this model is supposed to be a first step in this direction.
The basic concept of the model is shown in Fig. 1. In each time step, a pedestrian takes a
decision about his or her velocity for the next step. In this model, speed and direction of motion are
determined separately and rely on cognition, e.g. the so-called distance-to-collision which is again
directly determined by the environment of the agent and his/her own goals.

Fig. 1: Concept of the decision-based model: the environment including infrastructure,
wayfinding and interaction determines the distance-to-collision which acts as a basis for the
calculation of the velocity, namely speed and direction. These components include stochasticity
to consider unknown mechanisms.

The environment of a pedestrian is perceived visually and consists of the infrastructure like
walls, exits, etc., and other pedestrians the respective agent might interact with. Considering all these
elements, the agent calculates the distance to a potential collision in a certain direction. Since
anticipation was shown to be potentially crucial for pedestrian dynamics [14, 15], the
distance-to-collision is not determined for this respective moment in time, but for the next time step,
assuming uniform and linear movement of the agent itself as well as the other pedestrians. This
quantity is then used as an input parameter for the calculation of speed and direction.
Since a pedestrian is assumed to prefer directions in which a collision with an infrastructure
element or other pedestrians is at least unlikely, the distance-of-collision helps to weight the potential
directions. Therefore, it is used to calculate a probability distribution for all directions. Moreover, the
distance-to-collision also influences the speed of the pedestrian. In this case, it acts as an input
parameter for the Stochastic Headway Dependent Velocity (SHDV) model [12] that correlates the
distance headway of a pedestrian with his/her speed. It also includes a stochastic element that reduces
the velocity of an agent additionally.
The stochasticity that is found in both speed and angular component of the velocity represents
the limited knowledge about cognitive processes of pedestrians and shall cover underlying
mechanisms that cannot be simulated or that are not fully understood.
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3. Realization

In contrast to many other approaches, we explicitly take into account the spatial extension of the
pedestrians. They are modelled by a circle with radius r = 0.15 m and are assumed to use cognitive
abilities to move within the given environment. This behaviour includes several aspects that are explained
separately in the following.

3.1 Perception and visual field
Visual perception is a commonly used approach in heuristic or perception-based models, see e.g. [13,
16-18]. In this model, each pedestrian perceives his or her environment via a visual field of range dvf and
an expanse of 2φ. Only walls or pedestrians that lie within the visual field are perceived and considered
for the calculation. In the visual field, pedestrians and walls or other obstacles cover a certain angular
range that depends on the relative position and orientation to the perceiving agent (see Fig. 2). These
ranges are then less preferable to be chosen for the direction of the velocity since the corresponding
distance-to-collision is smaller than in angular ranges without any imminent obstacles. Considering all
elements of the environment and all pedestrians results in an angular distribution of distances-to-collision
that can be used to determine the direction for the next time step.

Fig. 2: Each pedestrian (black circle) has a visual field that can be partially covered by
walls (left) or other pedestrians (grey circles). Directions chosen within these ranges are less
likely.

3.2 Anticipation and distance-to-collision
In several model approaches, anticipation concepts are realised using the time or the distance to an
imminent collision, see e.g. [8, 17, 19-21]. In this model, the anticipated distance-to-collision is calculated
for each pedestrian that is perceived in the visual field of the agent. The agent assumed the he/she itself as
well as the other pedestrian will move with the same speed and direction as in the previous step, leading to
a uniform, linear motion. Then the distance-to-collision is calculated based on these anticipated positions
with consideration of the extension of the bodies. Relying on anticipation shall help to consider the current
direction of motion when taking the decision on the direction for the next step.
3.3 Determination of direction of motion
The determination of the angular component of the velocity is based on different aspects. First, each
pedestrian is assigned a target position he or she wants to reach during the simulation. Therefore, for each
time step the direction αt towards the target is determined. The final target angle is then calculated with a
Gaussian distribution with mean αt and standard deviation s = 0.05. Using this stochasticity includes that a
pedestrian does not always choose the perfect angle to make the simulation results more realistic. At this
point the pedestrian considers the presence of walls etc. If the target direction eventually resulted in a
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collision with the infrastructure, the pedestrian would choose an intermediate target for his/her
current calculation that is given by the surrounding walls and obstacles. How exactly this
intermediate target is situated could be determined in more general settings by using different route
choice or wayfinding procedures.
In the presence of other pedestrians, the preferred direction must be changed. During the
perception phase the relative distances and orientations of all pedestrians to the respective agents are
determined. This leads to an angular distribution of distances-to-collision. For angular ranges that are
not covered by any pedestrians, the distance-to-collision is set to the maximum visual range dvf.
When divided by this maximum range, each angle within the visual field is assigned a positive value
for the distance-to-collision within 0 and 1. This quantity can then be used as a measure of probability
that the respective direction is chosen for the next time steps. Therefore, if a pedestrian i is perceived
by an agent in the direction αi and a respective distance-to-collision di, the probability for the agent
choosing this direction for the next timestep is given by pi=di/dvf. Summing over all pedestrians
results in an angular probability distribution P(α) that is positive and stepwise constant. Then,
according to this distribution, the direction is calculated that can be understood as an “interaction
angle” (in order to distinguish it from the target angle).
Due to the stochastic nature of the collision avoidance procedure, large changes of direction
could occur from one time step to another. To avoid this, a concept of inertia in case of interaction is
applied. If the environmental situation has not changed compared to the previous time step, the
pedestrian should keep the direction of rotation for the next time step. That means, if a pedestrian has
chosen to turn left to avoid a collision in the previous time step, and there were no pedestrians exiting
or entering the visual field, he or she should turn left again, i.e. chose any arbitrary direction on his
left side. Only if the situation has changed during the last time step, there is no such restriction.
If an interaction angle is chosen, the distance-to-collision in this direction is again determined
considering both environment and pedestrians. This distance is then compared to the
distance-to-collision (considering infrastructure and pedestrians) in the direction to the target. Then,
out of these two directions the one with the highest distance-to-collision is chosen to be the direction
of velocity.
3.5 Determination of speed
The distance-to-collision resulting from the determination of the direction acts now as the input
parameter for the determination of the absolute value of the velocity. Here, one relies on the SHDV
model [12] that was originally developed for single-file motion. In this model, the velocity of an
agent depends linearly on his/her headway distance h in one dimension which is replaced by the
distance-to-collision in the two-dimensional case (see also Fig. 3):
0
𝑣𝑣(ℎ) = �𝛼𝛼(ℎ − 𝑑𝑑) + 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚
𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚

ℎ ≤ 𝑑𝑑
𝑑𝑑 < ℎ < 𝑑𝑑𝑐𝑐
𝑑𝑑𝑐𝑐 ≤ ℎ

(1)

with vmax and vmin representing the maximum and minimum velocity, respectively, d being a lower
threshold and dc being a higher threshold resulting from dc = d+1/α(vmax-vmin). For a headway distance
below d, a pedestrian stands still, with a headway distance that is larger as dc he or she moves freely with
maximum velocity. α is the slope of the increasing headway-velocity function.
As a stochastic element, a slow-to-start rule [22] is additionally introduced. Pedestrians whose speed
was zero in the last timestep stand still for the next time step with a probability p0, with probability 1-p0
they move with a speed according to (1).

319

Proceedings from the 9th International Conference on Pedestrian and Evacuation Dynamics (PED2018)
Lund, Sweden – August 21-23, 2018

Fig. 3: Headway-velocity function of the SHDV model. The velocity increases linearly
with the headway distance without exceeding the free-flow velocity vmax and being 0 for
distances that are smaller than the lower threshold d (from [12]).

4. First preliminary results

To assess if the approach described above can reproduce realistic pedestrian dynamics, the model is
tested with some simple scenarios. First, we simulated two-person-interactions without additional
influence by the infrastructure; second, we measured a fundamental diagram for pedestrian motion in a
corridor.
All simulations are performed with a time step of Δt = 0.3 s and parallel update. The maximum range
of the visual field is set to dvf = 8.0 m. The parameters for the determination of speed are chosen as vmax =
1.2 m/s, vmin = 0.1 m/s, α = 0.5 and p0 = 0.5, as in [12]. Compared against the original SHDV model, the
lower threshold d was reduced to 0.15 m to compensate the explicit consideration of the pedestrians’
extension.
The scenarios are not meant to be used for calibration or optimization. To approach the characteristics
of the modelled dynamics we used reasonable values for the model parameters such as radius and lower
threshold.
4.1 Two-person-interaction
Fig. 4 shows trajectories of simple scenarios with two pedestrians that pass in a free area. All
situations were simulated with a visual field extension of 2φ=170°.
In the first scenario, a pedestrian walking from the bottom to the top passes another pedestrian that
stands in the middle of the room. As soon as the walking agent perceives the presence of the other
pedestrian, it starts to avoid the collision. The trajectory during the avoidance phase is not as smooth as it
is wanted to be. This indicates that the applied concept of inertia is not strong enough to suppress larger
deviations of the turning angle. Moreover, since the trajectories in Fig. 4 are specific realizations of a
stochastic process without any averaging, the simulations do not result in smoothed trajectories.
In Fig. 4 (b), two pedestrians pass on their way to the opposite site of the room. Since the pedestrian
coming from the top (dashed green line) turns early enough, the other pedestrian can walk nearly
unaffected through the room.
The last Fig. 4 (c) shows two pedestrians coming from the lower edges walking towards the opposite
edges. As in (b), one pedestrian can nearly maintain the optimal route, because the other agent gives way.
The temporal dimension cannot be shown in this depiction, therefore we would like to emphasise that the
agents do not collide, but pass the position where the trajectories cross at different times.
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(b)

(a)

(c)

Fig. 4: Simple two-person-interaction scenarios: (a) a pedestrian walks bottom up with
passing a standing pedestrian, (b) two pedestrians walking bottom up (blue solid line) / top down
(green dashed line, the arrows show the respective direction of motion), (c) two pedestrian
walking diagonally bottom down with left to right/vice versa. Since time is not depicted in this
plot, it should be emphasised that the pedestrians do not collide in (c).

4.2 Fundamental diagram of single file motion
As a second test, we simulated the situation the SHDV model was originally developed for. The
pedestrians walked in single-file motion, that means without any overtaking, in a corridor of length L
= 26.0 m and width B = 0.8 m with periodic boundary conditions. The density was measured globally
by the number of agents in the corridor. Because of the extension of the pedestrians the maximum
number of agents was by comparison to the SHDV model decreased from 70 to 60. The simulation
started with inhomogeneous initial conditions, meaning that all pedestrians were placed at the
beginning of the corridor with a minimal distance of 3 cm. Since backward motion is forbidden in
single-file motion, the pedestrians were forced to walk towards their target when the interaction angle
exceeds 0.9× 𝜋𝜋⁄2. Additionally, the range in which other pedestrians can be perceived was set to
2φ=1.25× 𝜋𝜋. All simulations were performed for 600 s, measuring over the last 100 s.

Fig. 5: Comparison of fundamental diagrams for single-file motion of the SHDV model
and the decision-based approach. ρ is the global density, and v the averaged velocity. In general,
the velocities in the decision-based model are lower than these of the SHDV model, the
deviation increases with density.
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The fundamental diagram in Fig. 5 shows the global density against the averaged velocity. The
progress of the curve fits qualitatively to the fundamental diagram of the SHDV model. However, the
velocities of the decision-based model are lower than the velocities measured with the SHDV model. The
origin for these deviations, especially for large densities, lies probably in the consideration of a finite
extension of pedestrians. In the SHDV model, pedestrians were treated as point-like particles and an
effective extension was introduced by the headway-velocity function.

5. Conclusion

The new modelling approach presented in this contribution is based on the combination of continuous
space and discrete time and relies on cognition and perception. It is an extension of the one-dimensional
SHDV model to two dimensions by adding an angular component to the pedestrians’ velocity.
In each time step, a pedestrian perceives its environment visually and determines the
distance-to-collision for different directions. In doing so, the agents consider the infrastructure as well as
other pedestrians. Based on this information the pedestrians take a decision about their velocity for the
next time step. The direction of motion is determined by the pedestrians’ individual target and their
interaction strategy. In order to avoid collisions, a probability distribution for all potential directions is
calculated based on the distance-to-collision. Therefore, directions that may lead to a collision are less
likely to be chosen for the next time step. Once a direction is chosen, the distance-to-collision in this
direction is used as an input parameter for the dynamics of the SHDV model. So, the speed for the next
time steps depends linearly on the distance-to-collision.
Using stochastic elements in the determination of direction and speed covers unknown underlying
mechanisms and shall make the simulation results more realistic.
The model was tested with simple scenarios. In the two-person-interaction, it is shown that the model
provides realistic trajectories, even if the inertia component of the collision avoidance must be improved.
Comparing the fundamental diagram for single-file motion to the results of the SHDV model, it is shown
that the model yields similar results. However, due to the extension of the pedestrians that is explicitly
considered in this model, the averaged velocities are lower than in the SHDV model. This effect becomes
even more significant for large densities. So far, the model has not been calibrated with empirical data.
For the preliminary investigations reasonable parameter values were used without any optimization
procedure.
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